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Surprises 
Life is full of surprises and the fate of ecosystems is no exception. For instance, after many 
years of steady economic fishery the cod population of Newfoundland suddenly collapsed 
in 1992 (Hutchings & Myers, 1994). Similarly, in Lake Veluwe in the Netherlands, a long-
term nutrient loading eventually invoked a catastrophic transition from clear water to an 
algae-dominated turbid state in the 1960’s (Ibelings et al., 2007). We are starting to 
understand why small causes may sometimes have such disproportionately large effects 
(Gladwell, 2000). Although the precise explanations are obviously different, on a deeper 
abstract level the mechanisms at play may be surprisingly similar (Scheffer, 2009). 
 
Feedbacks, resilience and tipping points 
Surprises such as the above are made possible by feedbacks. We can distinguish between 
positive and negative feedbacks (DeAngelis et al., 1986). Positive feedbacks are 
reinforcing: put in the most simple way, A increases B and B increases A; also reinforcing, 
but less intuitively, is when A decreases B and B decreases A. In either case, a change in A 
or B will be enhanced through its interaction with the other. Thus, if positive feedbacks 
are at play, an initial small change will be amplified. This is the case for mutual 
dependencies between organisms, or between organisms and their environment. A well-
studied example of positive feedback in ecology is also the interplay between submerged 
aquatic vegetation and water turbidity in shallow lakes (Scheffer, 1998). The submerged 
plants suppress algae growth in various ways (see Scheffer, 1998); this reduced algae 
growth increases light penetration which in turn enhances the growth of submerged 
plants. Besides ecologists, guitar players are also familiar with positive feedback. By 
holding a guitar close to a speaker producing sound from that same guitar, a feedback loop 
is set in motion that produces a high-pitched sound (Fig. 1.1). 
Negative feedbacks are stabilizing: put simply, A increases B and B decreases A. In such a 
case, a change in A or B will be dampened through its interaction with the other. Thus, if 
negative feedbacks are at play, change will be counteracted. An example of negative 
feedback in ecology is enhanced competition for resources between individuals of a 
species when the number of individuals in that species increases, preventing the 
population size from spiraling out of control; but also in engineering and physiology 
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examples can be found of feedback controllers that serve to maintain stability. For 
instance, the thermostat in houses applies negative feedback, akin to the human body, in 
order to maintain “homeostasis”: in both cases any deviation from the desired 
temperature will be compensated–such as by sweating when a body becomes too warm 
(Fig. 1.1).  
 
Figure 1.1: Persons involved in feedbacks. Left: Jimi Hendrix creates feedback between the strings 
of his electrical guitar and the amplified sound from the speaker. The signal produced by vibration 
of the guitar strings is released as sound from the speaker, which in turn enhances the signal from 
the strings: a positive feedback creating a squealing sound. Photo licensed under CC BY-SA 3.0. 
Right: A scientist who leaves his comfort zone of temperate climates sweats to maintain his body 
temperature while being in the tropics. With higher air temperature, transpiration increases and 
thereby the body is cooled more: a negative feedback creating thirst. Photo by Bernardo M. Flores. 
Positive feedback occurs in all kinds of systems and is a necessary ingredient for the 
presence of tipping points (Van Nes et al., 2016). Tipping points occur when positive 
feedbacks start to dominate the dynamics of a system and propel the system to an 
alternative stable state. A good way to illustrate the concept of alternative stable states is 
through a stability landscape (Strogatz, 1994; Scheffer et al., 2001), which allows for the 
analogy of a ball rolling in a cup (Fig. 1.2). Under certain external conditions (such as 
annual temperature or rainfall) there can be two alternative stable states, which 
correspond to local minima in their stability landscape. As systems tend to move to a state 
of lower potential, the system state can be thought of as a ball in the landscape that tends 
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to move to the locally lowest point. A system with two alternative stable states is called 
bistable. 
There are different ways in which a tipping point can occur, which can be intuitively 
understood with the ball-in-a-cup model. Firstly, under stable environmental conditions, 
the system state may undergo perturbations. In case of many stochastic perturbations, 
these can be thought of as random nudges that move the ball around in the valley. 
However, if a perturbation is large enough it could push the ball across the hill, which is 
an unstable point called “saddle point”. On the bottom plane in Fig. 1.2, saddle points are 
all the points that are located on the dashed line. When the ball crosses such a point it 
enters the alternative “basin of attraction”, in which it may become trapped. 
Another way of tipping can occur when the environmental conditions change. In such a 
case, the underlying stability landscape itself changes. This reshaping of the stability 
landscape can easily occur unnoticed, until the local valley in the landscape disappears 
and the ball will roll to its new equilibrium. The two environmental conditions at which 
this occurs (one for each of the two different states) are called “fold bifurcations” or 
“saddle-node bifurcations” and represent the kind of surprises described above. On the 
bottom plane in Fig. 1.2, these bifurcation points are depicted by the red dots with arrows 
pointing in the direction to which the transition occurs. To return to the original state of 
the system (in the absence of large perturbations) the conditions need to change to the 
other bifurcation point, which could make a shift practically irreversible. This 
phenomenon is called hysteresis. 
The balance between positive and negative feedbacks determines the resilience of a 
system. In general, resilience refers to the ease with which a system can return to its 
equilibrium after it has been disturbed. Depending on the question of interest, different 
definitions of resilience may be appropriate, so various definitions of resilience are found 
in the literature (e.g. Walker et al., 2004; Folke, 2006). A frequently used definition focuses 
on the absence of system collapse, namely the one that Holling (1973) proposed for 
“ecological resilience”. This aspect of stability can be understood as the largest 
perturbation that a system can absorb without shifting to an alternative stable state; in 
other words, it is the distance of the system state to an unstable point separating two 
basins of attraction in the stability landscape.  
1
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Figure 1.2: A stability landscape (after Strogatz, 1994; Scheffer et al., 2001) to illustrate the 
concept of alternative stable states. In the bottom plane the solid lines represent stable equilibria 
of the system and the red dashed line unstable equilibria. There is a range of conditions (within 
the red arrows) at which there are two such stable states separated by an unstable one: the system 
is bistable. The landscapes at the top depict the potential of the system states at four 
environmental conditions. A system tends to move to a state of lower potential, just like a ball 
tends to roll to a lower point in the landscape. 
 
The Earth system 
The Earth system is a complex system that is controlled by many feedbacks, both positive 
and negative, which are intertwined across scales in space and time (Rial et al., 2004; 
Chapin et al., 2008; Dekker et al., 2010; Barnosky et al., 2012; Lenton, 2013; Van Nes et al., 
2015; Lenton, 2016; Green et al., 2017; Bonan & Doney, 2018). This dynamism creates the 
possibility of runaway change and indeed, the history of the Earth is marked by a number 
of extreme transitions (Lenton & Watson, 2011). There is perhaps no better illustration 
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than “snowball Earth”, in which planetary-scale glaciation occurred (Hoffman et al., 
1998). Snowball Earth is caused by a positive feedback between ice cover and the Earth’s 
reflection of sunlight back into space called albedo (Budyko, 1969); this feedback led at 
least twice to runaway glaciation. Only long-term build-up of atmospheric CO2 through 
volcanic eruptions could eventually trigger the reverse tipping point (Lenton & Watson, 
2011). Besides runaway global cooling, also runaway global warming has occurred in the 
past (Zachos et al., 2001). Extreme transitions such as the above are very rare – indeed, 
negative feedbacks, often involving life, seem to dominate the Earth system. Therefore, 
life on Earth has even been proposed to maintain a form of homeostasis (Lovelock & 
Margulis, 1974) similar to living organisms (Fig. 1.1). 
Homeostasis has been the norm especially during the Holocene, the past 10 thousand 
years which gave rise to all our civilizations. However, evidence is mounting that we are 
moving, or have already moved, out of this stable Earth system. During what is now called 
the Anthropocene, human activities are rapidly pushing the Earth’s ecosystems and 
climate into uncharted territory (Steffen et al., 2015a). This uncharted territory may 
encompass a new balance between feedbacks, possibly even a tipping point (Barnosky et 
al., 2012; Hughes et al., 2013). Although a planetary-scale tipping point might not exist 
(Brook et al., 2013), it is believed that the Earth system contains a number of “tipping 
elements”, which are large subsystems that may undergo tipping points (Lenton et al., 
2008). It is crucial to understand potential critical thresholds in the Earth system so that 
humankind can maintain global climate change, land use change and other global changes 
within safe boundaries (Rockström et al., 2009a; Rockström et al., 2009b; Steffen et al., 
2015b).  
 
Tropical tree cover and the Amazon 
Among the Earth’s possible tipping elements is the Amazon rainforest (Lenton et al., 
2008). The Amazon rainforest is the largest of the tropical rainforests and is the most 
important in terms of Earth system feedbacks (Cox et al., 2000; Lenton et al., 2008). One 
of these feedbacks involves moisture recycling: tropical trees act as a water pump 
transporting soil water to the atmosphere, from which it can rain out again (Nobre et al., 
1991; Oyama & Nobre, 2003; Spracklen et al., 2012; Wright et al., 2017; Zemp et al., 
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2017a). It has been estimated that a single large Amazonian tree can transpire around 500 
l of water from soil to atmosphere each day (Salati & Nobre, 1991). The enhanced rainfall 
through this mechanism is further contributing to the growth and maintenance of tree 
cover (Zemp et al., 2017a). 
Another feedback involves fire: on a local scale, tree cover suppresses fire and fire reduces 
tree cover. This mechanism could contribute to the existence of alternative stable states 
of tropical forest and savanna. In savannas, the grass layer fuels fires, which maintain an 
open landscape. However, once a closed-canopy forest has formed, grasses are 
suppressed and conditions beneath the canopy are damper. Therefore, fires are rarer in 
tropical forests than in tropical savannas and these two ecosystem types may be 
alternative stable states separated by tipping points (Figs. 1.3 & 1.4). 
 
Figure 1.3: Alternative stable states in tree cover. Left: Trees in an unburned closed-canopy 
Amazonian forest. Right: A charred tree in a former Amazonian floodplain forest. This location 
was forested until 2003, when it burned for the first time; in 2010 it burned for the second time 
(Flores et al., 2016). The fires have opened up the landscape and thus qualitatively altered the 
structure of the landscape: evidence that a tipping point (sensu Van Nes et al., 2016) has occurred. 
Photos taken in December 2017 by Arie Staal. 
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Figure 1.4: A “chronosequence” of fire exclusion in south-eastern Brazil. Top: a savanna without 
fire exclusion. Bottom left: a location nearby which is similar but with ten years of fire exclusion. 
Tree cover is higher than in the site without fire exclusion, but understory grassy vegetation is 
still present. Bottom right: a location nearby which is similar but with twenty years of fire 
exclusion. Tree cover is even higher and is excluding the understory grassy vegetation and thereby 
strongly reducing the ecosystem’s flammability: evidence that a tipping point (sensu Van Nes et 
al., 2016) has occurred. Photos courtesy of Brett P. Murphy. 
Understanding the Earth system requires understanding the nonlinear dynamics of the 
Amazon rainforest and other tropical biomes. This dissertation therefore aims to quantify 
feedbacks of tree cover with fire and rainfall in the Amazon basin and other tropical 
regions, and to explore their effects on the resilience of forests and savannas.  
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Bridging complex systems theory and satellite data 
Two types of tools have become of great importance for the study of Earth system 
feedbacks. Firstly, mathematical models that include feedbacks help to generate 
hypotheses about mechanisms that control the system dynamics. They allow, for instance, 
to generate stability landscapes such as in Fig. 1.2. Secondly, satellite data provide large-
scale information that can be used to confirm or refute models’ predictions. Satellite data 
on tree cover provide evidence that across a range of rainfall conditions in the tropics, 
forests and savannas can be alternative stable states (Hirota et al., 2011; Staver et al., 
2011a; Staver et al., 2011b; also see Xu et al., 2016; Xu et al., 2018). This had led to many 
follow-up questions, a few of which are addressed in this dissertation. In the following 
chapters, I and different teams of collaborators use satellite data of (primarily) tree cover 
and mathematical models to answer various questions about the resilience of tropical 
forests and savannas. 
In chapter 2, we develop a simple mathematical model with alternative stable states in 
tree cover for South America. We use the model to ask how reduced rainfall levels due to 
climate change and removal of tree cover by humans may synergistically increase the 
likelihood of a tipping point. We apply these insights to a hotspot of both deforestation 
and expected climate change, the south-eastern Amazon. This chapter sets the stage 
conceptually, while the model remains minimal in its mechanisms. 
One of the omissions in chapter 2 is the consideration of space. In chapter 3, we turn from 
transitions that are localized to those that are spatial. We show theoretically that spatial 
interactions between patches of forest and savanna reduce their hysteresis generated by 
feedbacks. Coincidentally, the range of climatic conditions at which local-scale 
coexistence of these states can be stable becomes narrower. In the extreme case of very 
strong spatial dynamics, hysteresis can be eliminated entirely and local coexistence can 
be stable only at conditions where the two alternative states are exactly equally stable. 
Such conditions, implying two equally deep valleys in the stability landscape of Fig. 1.2, 
are called a “Maxwell point”. Because of the effects of spatial dynamics on local 
coexistence and hysteresis, we searched the satellite data for patterns in local-scale 
coexistence of forests and savannas across South America and Africa. These patterns may 
contain information about the effect of spatial dynamics between patches of forest and 
savanna on their hysteresis. 
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In addition to satellite data of tree cover, in chapter 4 we also analyze satellite data of fire 
occurrences throughout the tropics. From those two satellite products we construct an 
empirical model of the tree cover-fire feedback. We ask whether this feedback may cause 
instability of intermediate tree cover as suggested by tree-cover observations across the 
tropics. Finally, we use simulations to ask whether our observed fire patterns can be 
caused by percolation of fire through the grassy layer in savannas.  
In chapter 5 we develop a spatially explicit simulation model to study the feedback 
between tree cover and fire in more detail. The model is parameterized using time series 
of satellite data of tree cover and fire across the tropics. It gives rise to emergent bistability 
of forests and savannas under a range of climates, consistent with tree cover data. Using 
the model, we study the effects of rainfall variability on forest-savanna hysteresis, and of 
deforestation pressures to runaway forest loss under different climatic conditions. 
In chapter 6 we turn to tree cover dynamics on a larger scale level, i.e. to interactions 
between tree cover and rainfall. We calculate how tree cover in the Amazon basin affects 
regional rainfall and how that effect feeds back to the stability of tree cover across the 
basin. We use a complex hydrological model to estimate the contribution of transpiration 
of Amazonian trees to evapotranspiration. We subsequently simulate the trajectories of 
such transpired molecules through the atmosphere using estimated wind patterns. We 
ask when, where and to what extent Amazonian forests contribute to rainfall and thus to 
the stability of Amazonian forests themselves. 
Finally, in chapter 7, I discuss the findings of the previous chapters in a broader context 
and link the results across scales. 
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Abstract  
The south-eastern Amazon rainforest is subject to ongoing deforestation and is expected 
to become drier due to climate change. Recent analyses of the distribution of tree cover in 
the tropics show three modes that have been interpreted as representing alternative 
stable states: forest, savanna and treeless states. This situation implies that a change in 
environmental conditions, such as in the climate, could cause critical transitions from a 
forest towards a savanna ecosystem. Shifts to savanna might also occur if perturbations 
such as deforestation exceed a critical threshold. Recovering the forest would be difficult 
as the savanna will be stabilized by a feedback between tree cover and fire. Here we 
explore how environmental changes and perturbations affect the forest by using a simple 
model with alternative tree-cover states. We focus on the synergistic effects of 
precipitation reduction and deforestation on the probability of regime shifts in the south-
eastern Amazon rainforest. The analysis indicated that in a large part of the south-eastern 
Amazon basin rainforest and savanna could be two alternative states, although massive 
forest dieback caused by mean-precipitation reduction alone is unlikely. However, 
combinations of deforestation and climate change triggered up to 6.6 times as many local 
regime shifts than the two did separately, causing large permanent forest losses in the 
studied region. The results emphasize the importance of reducing deforestation rates in 
order to prevent a climate-induced dieback of the south-eastern Amazon rainforest.  
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Introduction 
Every year, large areas of rainforest are being deforested in the Amazon. In addition, 
increased drought is expected to affect parts of the rainforest over the course of the 
coming century (Malhi et al., 2008). In recent years there has been much interest in the 
question whether climate change and deforestation may cause the forest to die back, or 
even collapse due to positive feedbacks that cause alternative stable states (Cox et al., 
2000; Lenton et al., 2008; Nepstad et al., 2008; Malhi et al., 2009; Davidson et al., 2012). 
Analyses of MODIS satellite data of tree cover by Hirota et al. (2011) and Staver et al. 
(2011b) have added new evidence for alternative states (Scheffer & Carpenter, 2003) by 
showing that the frequency distributions of tree cover in the tropics have three modes, 
which roughly correspond to a treeless ecosystem, savanna (tree-grass mosaics) and 
forest. The probability of finding these modes depends non-linearly on mean annual 
precipitation (MAP) (Hirota et al., 2011).  
The existence of alternative stable states implies that an ecosystem can be in several 
alternative states under the same external conditions. When the system is perturbed 
slightly, it will return to the stable equilibrium. However, when a perturbation exceeds a 
certain size, the system will move to an alternative equilibrium. Such a regime shift can 
also occur when the environmental conditions cross a fold bifurcation point, often called 
‘tipping point’ (Scheffer et al., 2009). Restoring the conditions that were present prior to 
the shift requires a larger change in environmental conditions, a phenomenon called 
hysteresis. We refer to these regime shifts as critical transitions (Scheffer, 2009). A slow 
change in environmental conditions can make a system more vulnerable for a regime 
shift. The maximum possible perturbation without causing a regime shift is defined by as 
a system state’s (ecological) resilience (Holling, 1973).  
There is increasing evidence that fire is the mechanism for creating alternative stable 
states of tropical rainforest and savanna (Staver et al., 2011b; Hoffmann et al., 2012a; 
Murphy & Bowman, 2012). Savannas are open, grassy landscapes, which can be 
maintained by frequent fires. As fire-exclusion experiments (e.g. Moreira, 2000) have 
shown, fires can prevent the establishment of forest when the climate would allow for its 
presence (Bond, 2008). Indeed, the grasses in savannas may fuel natural or anthropogenic 
fires, which kill forest tree species (Hoffmann et al., 2012a). Fires are sometimes seen as 
external disturbances maintaining an unstable savanna regime (Sankaran et al., 2005). 
2
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However, fires can be regarded as a self-stabilizing mechanism of savannas, as the low 
tree cover in savannas enhances fires. Closed-canopy forests, on the other hand, suppress 
fires through the creation of a humid understory microclimate (Uhl & Kauffman, 1990) 
and can thereby stabilize the forest state itself (Hoffmann et al., 2012a; Murphy & 
Bowman, 2012). Fragmentation of the canopy results in a much higher vulnerability to 
fire. Both grasses invading the forest and trees killed by fire can fuel fires, making burned 
forest areas even more susceptible to burning (Cochrane et al., 1999; Brando et al., 2014). 
After a number of fires a savanna ecosystem may establish. Next to the internal feedbacks, 
also climatic conditions influence the probability of fire; the drier it is, the more intense 
fires tend to be (Pueyo et al., 2010), so the more likely a regime shift from forest to 
savanna would become. On centennial to millennial time scales, however, these shifts 
need not be permanent. For an African savanna, for example, back-and-forth transitions 
between savanna and forest have been reported (Gil-Romera et al., 2010). Such repeated 
shifting between alternative stable states is called flickering (Scheffer, 2009).  
Both deforestation and climate change in the Amazon are relatively severe in the drier, 
south-eastern part of the basin, an area characterized as the “arc of deforestation” (Aragão 
et al., 2007; Davidson et al., 2012; Coe et al., 2013). Therefore, in particular tree cover in 
the south-eastern Amazon can be expected to be out of equilibrium and vulnerable to 
future regime shifts, but the resilience of the forest is only poorly understood. Our 
objective was to assess how deforestation (defined as a reduction in tree cover; Sternberg, 
2001) and climate change (a reduction in mean annual precipitation) may interact to 
induce fire-mediated regime shifts from forest to savanna in the south-eastern Amazon. 
Current forest models are generally not suited for analyzing tipping point behavior, while 
there is a need for models that are (Reyer et al., 2015). Previous studies concerned with 
alternative stable states in the Amazon have mainly focused on a regional forest-
precipitation feedback instead of the tree cover-fire feedback (Nobre & Borma, 2009). We 
present a simple model for tree cover in South America that includes the tree cover-fire 
feedback and was fitted to near-continent-wide satellite data. We use it to simulate 
deforestation- and climate change-induced regime shifts to savanna in the south-eastern 
Amazon rainforest. 
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Methods 
The model 
We adapted a simple tree-cover model by Van Nes et al. (2014). It can have three stable 
tree-cover states, corresponding to treeless, savanna and forest states, and has been fitted 
to satellite data of tree cover across the Earth’s tropics. The model consists of a logistic 
growth function for the expansion of tree cover T (fraction) to carrying capacity K 
(fraction) and two loss terms. The expansion rate depends on precipitation P (mm yr-1) 
and saturates at rm (yr-1) with a half saturation of hP (mm yr-1). The first loss term includes 
increased mortality at low tree-cover densities, called an Allee effect. This represents the 
facilitative effect of adult trees on tree-seedling establishment in the seedling’s 
competition with grasses (Holmgren et al., 1997; Baudena et al., 2010). The Allee-effect-
induced loss rate decreases from mA (yr-1) with T according to a Monod function with half 
saturation hA (fraction). The growth function and Allee effect are given as: 
𝑑𝑇
𝑑𝑡
=  
𝑃
ℎ𝑃+𝑃
 𝑟𝑚 𝑇 (1 −
𝑇
𝐾
) − 𝑚𝐴 𝑇 
ℎ𝐴
𝑇+ ℎ𝐴
      (eq. 2.1) 
The Van Nes et al. (2014) model also includes a second mortality term that mimics the 
effect of fire at intermediate tree cover. A Hill function describes the sigmoidal shape of 
the negative relationship between tree cover and fire-induced mortality. Thus, fire 
depends solely on tree cover in Van Nes et al. (2014) and not on environmental conditions. 
However, in reality fire occurrence and intensity also depend on rainfall (Staver et al., 
2011b). Therefore, we adjusted the fire term accordingly for this paper, although we do 
not depart from the simple approach of Van Nes et al. (2014). In this new model, fire-
induced tree-cover mortality depends on fire intensity I, whereby trees are resistant to 
low-intensity fires through a Hill function. Fire intensity depends negatively and non-
linearly on tree cover. This can be thought of as representing the availability of fuel 
(grass), which is determined by the openness of the landscape. Although a fragmented 
canopy may affect tree cover in several ways (Cumming et al., 2012), this landscape 
openness mainly promotes the continuity of the grassy (i.e. non-forested) portion of the 
landscape such that above a certain threshold of this continuity fires can percolate 
through the landscape (Archibald et al., 2009; Pueyo et al., 2010; Hoffmann et al., 2012b; 
Staver & Levin, 2012). Therefore, I depends on a variable landscape continuity C(T), which 
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is a function of tree cover T through a saturating sigmoidal function (Hill function). When 
T equals the half saturation hC the largest change in C occurs. 
Following the rationale that the moisture content of the fuel, and therefore its 
flammability, depends on soil moisture (Hirota et al., 2010; Murphy & Bowman, 2012), 
fire intensity I also depends on a soil moisture index SMI. This index depends on P via a 
sigmoidal Hill function (Hirota et al., 2010; Staver & Levin, 2012). The choice for a sigmoid 
is empirically supported by Bucini & Hanan (2007), who found that it could best describe 
the relationship between mean annual precipitation (MAP) and tree cover in the African 
savannas. Because our model represents processes on an annual basis, the fire-induced 
mortality is divided by a constant fire return interval FRI. The resulting differential 
equation for tree cover T (fraction) is as follows: 
𝑑𝑇
𝑑𝑡
=  
𝑃
ℎ𝑃+𝑃
 𝑟𝑚 𝑇 (1 −
𝑇
𝐾
) − 𝑚𝐴 𝑇 
ℎ𝐴
𝑇+ ℎ𝐴
−  𝑇 
1
𝐹𝑅𝐼
 
𝐼(𝑃,𝑇)𝛾
ℎ𝐼
𝛾+ 𝐼(𝑃,𝑇)𝛾
       (eq. 2.2) 
with the fire intensity I(P,T) (-) defined as: 
𝐼(𝑃, 𝑇) = 𝐶(𝑇) ∙ 𝑆𝑀𝐼(𝑃),        (eq. 2.3) 
landscape continuity C(T) (-) as: 
𝐶(𝑇) =  
ℎ𝐶
𝛽
ℎ𝐶
𝛽+𝑇𝛽
         (eq. 2.4) 
and the soil moisture index SMI(P) (-) as: 
𝑆𝑀𝐼(𝑃) =
ℎ𝑆𝑀𝐼
𝛼
ℎ𝑆𝑀𝐼
𝛼+𝑃𝛼
         (eq. 2.5) 
For an explanation of the parameters, see Table 2.1. 
 
Parameterization 
We fitted the model on tree-cover data for tropical and subtropical South America 
(13°N−35°S; Fig. 2.1). We used the data of Hirota et al. (2011). These are average Climate 
Research Unit (CRU) precipitation data (the average of 1961−2002) at 0.5° resolution 
(Mitchell & Jones, 2005) and MODIS Vegetation Continuous Field 3 tree-cover data (31 
October 2000 to 9 December 2001) at 0.01° resolution (Hansen et al., 2003). However, we 
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excluded human-used areas and water bodies from the data, as identified in the Global 
Land Cover 2000 (GLC2000) dataset (classes 16−18 and 20−23; Scheffer et al., 2012), 
using the R package ‘raster’. The probability distributions of tree cover in natural 
landscapes can be thought of as displaying the interplay between stable attractors and 
stochasticity in the system (Van Nes et al., 2012). Hence, we assume that fitting the model 
on the tree-cover modes captures the stable states of the system. To quantify the 
deviations to these stable states we calculated the adjusted 𝑅𝑚𝑜𝑑𝑒𝑙
2  of the model. 
Comparing that to the adjusted 𝑅𝑡𝑟𝑖𝑚𝑜𝑑𝑎𝑙
2  of the three means of the modes gives an 
estimate of how well the model fits the trimodal tree-cover distribution (more details can 
be found in Appendix A2.1). 
 
Figure 2.1: Tree cover (as a fraction) in tropical and subtropical South America. The total area 
shown was used for parameterizing the model (13°N−35°S, but excluding human-used areas); the 
study area (5°−15°S, 71°−42°W) is delineated. The data are at 0.01° resolution. 
The parameterization of the model (Table 2.1) was done as follows. The logistic growth 
function from Van Nes et al. (2014) was kept intact, except for an adjustment of hP to 
better match the tree-cover data at low precipitation values. No adjustments were made 
to the Allee-effect term, because we only fitted on the forest and savanna tree-cover 
values. In the fire term, the half saturation for the soil moisture function hSMI  was based 
on Hirota et al. (2010). hC is interpreted as the unstable threshold in tree cover between 
savanna and forest and should therefore approximately correspond to the least common 
tree-cover value between these modes in the South American tree-cover frequency 
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distribution (0.56; Fig. A2.1). The fire return interval FRI was fine-tuned within a realistic 
range (3−10 years; Ratter, 1992). The remaining parameters, which are half saturation 
for fire intensity hI and the exponents α, β and 𝛾 were fine-tuned without a predetermined 
range. This was done such that the model had a forest-savanna bistability range of 
approximately 1000−2500 mm yr-1 (Fig. 2.2). 
 
Table 2.1: The model’s parameters and their values.  
Parameter Description Value Unit Source 
α Power in soil moisture index 
function 
4 None Fine-tuning 
β Power in continuity function 6 None Fine-tuning 
𝛾 Power in fire-induced mortality term 6 None Fine-tuning 
FRI Fire return interval 7 yr (Ratter, 1992) 
hA Half saturation of Allee effect 0.10 
Fractional tree 
cover 
(Van Nes et 
al., 2014) 
hC 
Half saturation of grass (non-forest) 
cover continuity 
0.57 Fractional tree 
cover 
This research 
hI 
Half saturation of the fire-induced 
mortality term 
0.15 None Fine-tuning 
hP Half saturation of growth term 80 mm yr-1 Fine-tuning 
hSMI 
Half saturation of the soil moisture 
index 
1800 mm yr-1 (Hirota et al., 
2010) 
K Maximum tree cover 0.90 Fractional tree 
cover 
(Van Nes et 
al., 2014) 
mA Mortality due to Allee effect 0.15 yr-1 
(Van Nes et 
al., 2014) 
rm Maximum tree-cover growth rate 0.30 yr-1 
(Van Nes et 
al., 2014) 
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Figure 2.2: Equilibria of the model. The stable (solid lines) and unstable (dashed lines) equilibria 
of the model are shown with the background showing the frequency of tree-cover values from 
tropical and sub-tropical South America. The data at 0.01° resolution (Hirota et al., 2011) are 
displayed on a 101 x 101 lattice. Only tree-cover values at locations with MAP up to 3000 mm yr-
1 are shown (n = 8723784). Note the logarithmic scale along which the distribution of the data are 
presented.  
Application 
The study area to which the model was applied spans 15°−5°S latitude and 71°−42°W 
longitude (the delineated area in Fig. 2.1). It mostly covers Brazil, but it also includes the 
Bolivian part of the Amazon basin and a small part of Peru. This region was chosen to 
include the forest-savanna boundary in the south-eastern Amazon basin (Hirota et al., 
2010) and thereby part of the arc of deforestation, where historical deforestation has 
been high (Coe et al., 2013). Continued deforestation can be expected for the near future, 
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despite recent and projected increases in protected forest area (Malhi et al., 2008). The 
region also marks a transition from a dry to a humid tropical climate; an east-west 
precipitation gradient exists from roughly 800 mm yr-1 to 2400 mm yr-1 (Fig. A2.5). Most 
forest trees belong to evergreen species with limited resistance to fire (Hirota et al., 2010). 
Because past disturbances have been severe in this region, regional tree cover may be out 
of equilibrium. As we were interested in how far from equilibrium and how close to a 
regime shift tree cover in the study area is, we did not exclude human-used areas here. 
With the unfiltered data we calculated the adjusted R2 of the model to compare it with 
that of the near-continental parameterization dataset. We then analyzed the occurrences 
of regime shifts from forest to savanna due to climate change and deforestation on a grid 
of cells representing the study area. This grid had the resolution of the precipitation data 
(0.5°). We considered spatial interactions (e.g. dispersion of trees) irrelevant on this scale. 
We resampled the tree-cover data from 0.01° to 0.5° resolution using the ArcGIS ‘majority’ 
resampling method. This method of resampling encompasses assigning the value to the 
output cell that is most abundant in the input cells. We assumed that the 2500 input cells 
per output cell are sufficient to distinguish between the savanna, forest and treeless 
states. The choice for ‘majority’ prevents a bias towards average, unrealistic tree-cover 
values. For reasons of convenience, the resampled tree cover is called ‘observed’ in this 
paper. We ran the model with those observed values as initial conditions and imposed 
climate change and deforestation on the cells that have an observed tree cover of at least 
0.60 and also stabilized at the forest state in the model. 
Gradual climate change was simulated by decreasing MAP with steps of 0.01 times the 
measured value for each cell. At each step, observed tree cover was set as initial condition. 
Subsequently, tree cover of forest cells was reduced with steps of 0.01 (up to 0.30) times 
the observed cover to check when a shift to savanna took place resulting from 
deforestation. This simulation continued up to a precipitation reduction of 40%, which 
can be considered as an extreme scenario. The interaction effects of deforestation and 
drought on the occurrences of regime shifts were quantified as relative increases in the 
number of cells that shifted to the savanna state. A relative increase was calculated by 
dividing the total amount of shifted cells at a certain combination of deforestation and 
precipitation reduction by the amount of cells that had also shifted under either of the two 
perturbations. All simulations were performed using the GRIND for MATLAB (R2012b) 
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software. Differential equations were solved with the Dormand Prince 4.5 solver (ode45) 
and all runs consisted of 1000 time steps. 
Results 
The parameterization resulted in a model with three stable tree-cover states: forest (T ≈ 
0.85), savanna (0.20 ≤ T ≤ 0.40) and a treeless state (T = 0). Depending on mean annual 
precipitation, tree cover could be in either of one, two or three possible stable equilibria. 
Fire intensity starts decreasing sharply after T ≈ 0.40, causing bistability of forest and 
savanna for a large precipitation range, from 950 to 2400 mm yr-1. This range is visually 
in agreement with the continental parameterization data (Fig. 2.2). The multi-modality in 
the data was not determined by multi-modality in environmental variables (Appendix 
A2.1). The precipitation range with bistability is wider than in the model of Van Nes et al. 
(2014) (1100−1600 mm yr-1). This difference results partly from the different 
parameterizations and partly from the different implementation of the fire-induced tree-
cover mortality in the model of this paper (see Appendix A2.4 for a more elaborate 
comparison). The adjusted 𝑅𝑡𝑟𝑖𝑚𝑜𝑑𝑎𝑙
2  of the three means of the regimes was 0.96 and the 
model’s adjusted 𝑅𝑚𝑜𝑑𝑒𝑙
2  was 0.90 (Table A2.1). In the study area, the 𝑅𝑚𝑜𝑑𝑒𝑙
2  was 0.81 
(Table A2.3). 
Resampling of the data in the study area did hardly affect the distributions of forest and 
savanna and the modes in the frequency distribution of tree cover (Figs. A2.3 and A2.4; 
Staver et al., 2011a). When the model was subsequently ran with those resampled data as 
initial conditions the equilibrium distributions of forest and savanna were consistent with 
the observations (Fig. 2.3). By performing model runs after initializing the grid at various 
tree-cover values (T = 0.85 for forest, 0.30 for savanna and 0.01 for treeless), the 
geographical range of bistability and tristability could be determined (Fig. A2.6). In 4% of 
the cells forest was the only stable state. These cells were located in the state of Amazonas 
(in the block 5−6.5°S and 71−65.5°W), at the border of the states of Amazonas, Pará and 
Mato Grosso (7−8°S and 58.5−57.5°W) and in Peru near the Bolivian border (11−14°S and 
71−69°W). In the remaining cells savanna was stable. Also, tree cover remained at the 
forest state in 94% of the cells, implying bistability of forest and savanna in 90% of the 
cells. This area extends as east as Piauí (approximately 44°W longitude). Tree cover 
decreased to a treeless state (T < 0.001) in 13% of the cells. Thus, in 7% the cells tree 
cover stabilized at another state in all three runs. 
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Figure 2.3: Tree cover in the study area at 0.5° resolution. A) Observed tree cover; and B) tree 
cover after stabilization in the model with the observed tree cover as initial conditions. 
Reducing MAP in the cells with observed forest resulted in critical transitions to savanna 
(Fig. 2.4). At the most extreme scenario considered (40% reduction in MAP), 19% of the 
forested cells had shifted to savanna. A similar amount of cells (22%) had shifted in the 
absence of climate change at a deforestation of 20% tree cover per cell (Fig. 2.4). More 
than half of the forest (281 cells, being 51%) disappeared when 30% of the observed tree 
cover was subtracted from each cell. In combination, drought and deforestation tipped 
forested cells to the savanna state at lower levels of these perturbations than by 
themselves. Furthermore, more cells underwent a regime shift in the simulated ranges of 
the perturbations (Fig. 2.4). This interactive effect was most pronounced when 
precipitation reduction was between 20−40% and deforestation between 10−20%, when, 
on average, five times as many cells shifted than at the respective precipitation reduction 
and deforestation separately (Fig. A2.7). The largest interaction effect was found at a 
reduced MAP of 32% and deforestation of 14% at each cell, when 6.6 times as many shifts 
were observed. 
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Figure 2.4: Regime shifts from forest to savanna at different levels of precipitation reduction and 
deforestation. The rows represent situations without precipitation reduction and with 10%, 20%, 
30% and 40% reduction of current mean annual precipitation. The columns represent situations 
without deforestation and with removal of 10% and 20% of the observed tree cover. Green cells 
indicate locations where forest is predicted under the given conditions (MODIS tree cover without 
human-used areas excluded). Red cells indicate a predicted regime shift to a savanna ecosystem 
and light-yellow cells are already in a savanna (or treeless) regime. 
 
Discussion 
We presented a simple model that has three alternative tree-cover states and was fitted 
on tree-cover data from tropical and sub-tropical South America. Due to a simple tree 
cover-fire feedback depending on climate the model has bistability of forest and savanna 
over a large range of mean annual precipitation (950−2400 mm yr-1). Our analysis using 
tree-cover and precipitation data from the south-eastern Amazon rainforest suggests a 
strong synergy between drought and deforestation on the occurrence of regime shifts in 
this area. Drought, simulated as a reduction in mean annual precipitation (MAP), 
decreased the resilience of the forest state, thereby increasing the chance that a 
perturbation such as deforestation causes a shift to a savanna regime. Similarly, a 
perturbed forest was more likely to undergo a regime shift as a result of drought. 
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Deforestation and drought interacted strongly because both increased fire intensity. How 
this interaction caused regime shifts is illustrated in Fig. 2.5, where a hypothesized 
combination of deforestation and drought pushes the system to the savanna basin of 
attraction. Separately, neither of the two would cause such a shift, due to the shape of the 
unstable equilibrium line. The synergy was strongest around 30−35% precipitation 
reduction and 15% deforestation, where the interaction effect accounted for over 80% of 
the regime shifts. This suggests that plausible levels of either deforestation or 
precipitation reduction could strongly increase the sensitivity of the south-eastern 
Amazon rainforest to the other if an unstable threshold is approached (Van Nes & 
Scheffer, 2003). However, most forest cells may undergo a shift due to deforestation even 
in the absence of a change in MAP, because they were bi- or tristable. On the other hand, 
in many cells a critical transition due to precipitation reduction occurred only in 
combination with deforestation, despite the finding that the forest may already be out of 
equilibrium.  
The modeled relationship between tree cover and fire intensity agrees with the empirical 
findings of Archibald et al. (2009) that fire becomes rare when tree cover exceeds 0.40. 
Thus, this feedback mechanism could plausibly cause the apparent forest-savanna 
bistability as observed by Hirota et al. (2011) and Staver et al. (2011b). We were able to 
reproduce the statistical patterns of tree cover in South America, although we ignored 
factors such as the different response of savanna- and forest-tree species to fire. 
Nevertheless, this difference in response to fire is known to be an important factor in 
savanna dynamics (Hoffmann et al., 2012a). Forest trees have much higher mortality rates 
in response to fire than savanna trees, but also have a competitive advantage over 
savanna trees under shaded conditions (Hoffmann et al., 2012a). These differences 
between the functional types have been included in a simple model by Staver & Levin 
(2012). The same principle can be included in our model by adding a tree-cover equation 
for each of the two functional types. Such an addition could help incorporating tree-cover 
hysteresis in Dynamic Global Vegetation Models (DGVMs) that differentiate between 
these functional types. Often, such DGVMs insufficiently account for the tree cover-fire 
feedback (Baudena et al., 2014). One difficulty in parameterizing for various functional 
types in our type of model lies, however, in the fact that the tree-cover data aggregate all 
tree species. Essentially, only the percentage of area covered by woody species (tree 
cover) and the area covered by herbaceous species (1 – tree cover) can be obtained. This 
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is a limitation that causes a need for studies that relate tree-cover data to other 
biologically relevant variables. Recently, Yin et al. (2014) showed for West-Africa that the 
tree-cover bimodality coincides with aboveground biomass bimodality and inferred 
vegetation structure from these results. The low tree-cover mode had low biomass and 
consisted of savanna species (vertical structure) as well as of forest species (horizontal 
structure). The high tree-cover mode only consisted of forest species, but could have 
either high or low biomass (Yin et al., 2014). 
 
Figure 2.5: How the interaction between precipitation reduction and deforestation may cause a 
regime shift in the model. If in a forested area with T = 0.80 at P = 2500 mm yr-1 a decrease in 
precipitation of 20% takes place (1), no changes in the state of the system would be apparent, as 
the system is still in the basin of attraction of the forest state. However, savanna has become an 
alternate stable state, so a simultaneous deforestation of 30% (2) may push the system across the 
unstable equilibrium (3). The system then moves to the savanna state (4). Note that the position 
of a site relative to the unstable equilibrium line in the model determines at which combinations 
of precipitation reduction and deforestation the system undergoes regime shifts. 
We checked whether the bimodality in the tree-cover distribution could be explained by 
bimodality in annual temperature or precipitation, but this was not the case. Staver et al. 
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(2011b) found, however, that at very strong rainfall seasonality forests are rarely found. 
This is relevant, as an increase in dry-season length is expected for the south-eastern 
Amazon that may have profound effects on the forest (Fu et al., 2013). However, because 
savannas can be found in the tropics regardless of dry-season length (Staver et al., 2011b), 
weak seasonality would not prevent the regime shifts that our model predicts. 
Nevertheless, the inclusion of seasonality, as well as inter-annual precipitation variability 
(Holmgren et al., 2013), may be an interesting option for future explorations of the model. 
Some possible biases in the data deserve mentioning. Firstly, a bias in the tree-cover data 
may lie in the algorithms used to generate the MODIS data. As Hanan et al. (2014) show, 
uniformly distributed tree cover may be reflected in an increased frequency of tree cover 
in the savanna range. We did not correct for this, and apart from excluding human-used 
areas used the same dataset as Hirota et al. (2011). Secondly, the hysteresis inferred by 
Staver et al. (2011b) and this study may be overestimated, as the large hysteresis 
suggested by the data may also be a manifestation of a range of smaller hysteresis loops 
resulting from heterogeneity in the landscape (e.g. regarding the soil; Van Nes et al., 
2014). On the other hand, we did not consider any feedbacks in the climate, which may 
increase the bistability range. Although the exact relation between deforestation and 
precipitation is complex (Lawrence & Vandecar, 2015), we can expect that the regional 
positive forest-precipitation feedback in the Amazon (Oyama & Nobre, 2003; Zemp et al., 
2014) would contribute to a deforestation-triggered transition to savanna. Because of 
such cross-scale interactions, linking feedbacks across scales would increase our 
understanding of the resilience of the system at landscape scale (Rietkerk et al., 2011). 
In our model, the unstable threshold between the basins of attraction of forest and 
savanna that we attribute to fire is climate-dependent: at higher levels of MAP the 
resilience of the forest biome increases due to decreased fire intensity. Thus we provide 
regarding South America a more refined value for this threshold than Hirota et al. (2011), 
who suggested a climate-insensitive unstable equilibrium at 60% tree cover. A climate-
dependent unstable equilibrium accounts for interaction effects between precipitation 
reduction and deforestation on regime shifts. Hence, future modeling studies seeking a 
simple way to include the effects of possible local alternative stable states in Amazonian 
tree cover could benefit from the approach described here and in Van Nes et al. (2014). 
On a more applied level, our model predicts that deforestation in the south-eastern 
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Amazon rainforest will result in regime shifts to savanna. Furthermore, degradation of 
the forest may cause it to become very vulnerable to anthropogenic climate change. 
Therefore, we endorse the need for policies that counteract deforestation in order to 
preserve the Amazon rainforest in a world under climate change.  
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Appendix A2.1. Trimodal tree cover and the model’s goodness-of-fit 
The frequency distribution of tree cover in tropical and subtropical South America 
(13°N−35°S; excluding human-used areas) is trimodal (Fig. A2.1). 
 
Figure A2.1: The frequency distribution of the tree-cover data used for parameterizing the model 
(n = 9293107). 
Fig. A2.2 shows that the trimodality in tree cover does not result from multimodality in 
mean annual precipitation (MAP) and mean annual temperature. Data points were 
divided into treeless, savanna and forest based on the minima of the frequency 
distribution of tree cover. These were 0.04 and 0.56 (Fig. A2.1), so the three groups (or 
regimes) were determined as 0 ≤ T ≤ 0.04 (treeless), 0.05 ≤ T ≤ 0.56 (savanna) and 0.57 ≤ 
T ≤ 1 (forest). The mean annual temperature for each 0.5° cell in the study area was 
determined by averaging monthly Climate Research Unit data from 1960−2000 (Mitchell 
& Jones, 2005). The cells were reshaped to 0.01° in MATLAB R2012b.  
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Figure A2.2: Histograms of mean annual precipitation (A) and mean annual temperature (B) in 
tropical and subtropical South America with the distribution of treeless, savanna and forest 
regimes indicated. 
We ran the model for five samples of 1000 data points until equilibrium. We then determined the 
deviations of the initial values (MODIS observations) to the stable outcomes of the run. We 
computed for each sample the adjusted R2, whereby we adjusted for the seven fitted parameters 
in the model (α, β, 𝛾, FRI, hC, hI and hP). However, to estimate the goodness-of-fit to a trimodal tree-
cover distribution we wanted to compare the adjusted 𝑅𝑚𝑜𝑑𝑒𝑙
2  to that of an ‘optimal model’ with 
three possible predictions. Therefore, we also calculated the 𝑅𝑡𝑟𝑖𝑚𝑜𝑑𝑎𝑙
2  of the means of the three 
regimes, again where 0 ≤ T ≤ 0.04 was treeless, 0.05 ≤ T ≤ 0.56 savanna and 0.57 ≤ T ≤ 1 was 
considered forest. We adjusted 𝑅𝑡𝑟𝑖𝑚𝑜𝑑𝑎𝑙
2  for the three means. The average 𝑅𝑡𝑟𝑖𝑚𝑜𝑑𝑎𝑙
2  of the 
samples (R2 = 0.96) was higher than the average 𝑅𝑚𝑜𝑑𝑒𝑙
2  (R2 = 0.90) (Table A2.1).  
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Table A2.1: The adjusted 𝑅𝑡𝑟𝑖𝑚𝑜𝑑𝑎𝑙
2  of the means of the three modes to sampled data points (five 
independent sample of 1000) and the adjusted 𝑅𝑚𝑜𝑑𝑒𝑙
2  of the model to those data points. Values in 
boldface are averages. 
 
 
 
 
 
 
Appendix A2.2: Data from the study area 
The frequency distribution of the tree cover data (at 0.01° resolution; Hirota et al., 2011) 
in the study area has two clear modes for savanna (T = 0.17) and forest (T = 0.83) as well 
as a small one for treeless (T = 0) (Fig. A2.3A). The minima between these modes are at T 
= 0.03 and T = 0.64. Resampling hardly affects the positioning and shape of the modes 
(Staver et al., 2011a). After converting the cells from 0.01° to 0.5° in which each 0.5° cell 
was given the most frequently occurring value out of 2500 cells at 0.01°, modes were 
located at T = 0.17 and T = 0.81; T = 0 is not present after resampling (Fig. A2.3B). Of the 
resampled cells, 1% (14 out of a total of 1160) was entirely treeless, 51% (587 in total) 
had tree cover up to 0.60 and 48% (559) were forested. Both before and after resampling, 
forest was found to exist mainly in areas with MAP > 1300 mm yr–1. Savanna is present 
up until about 2300 mm yr–1 (Fig. A2.4). 
Sample Adj. 𝑅𝑡𝑟𝑖𝑚𝑜𝑑𝑎𝑙
2  Adj. 𝑅𝑚𝑜𝑑𝑒𝑙
2  
1 0.964 0.897 
2 0.962 0.908 
3 0.963 0.909 
4 0.963 0.888 
5 0.963 0.900 
 0.963 0.900 
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Figure A2.3: Histograms of tree cover in the study area at (A) 0.01° resolution; and (B) after 
resampling to 0.5° resolution. 
 
Figure A2.4: Stable (solid lines) and unstable (dashed lines) equilibria with (A) a sample of 1152 
data points at 0.01° resolution from the study area; and (B) with all 1152 resampled data points 
from the study area in the MAP range 0–3000 mm yr–1. 
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Figure A2.5: Mean annual precipitation (mm yr–1) in the study area. 
We checked how tree cover in the study area relates to environmental variables. Besides 
MAP (Fig. A2.5) and temperature, we considered landscape elevation. Elevation data 
taken from the NASA Shuttle Radar Topography Mission (Farr et al., 2007). These data are 
at 3 arcsecond resolution and were therefore averaged to 0.01° (i.e. 144 values were 
averaged to one). Any missing values in the original data were ignored. Regressions 
between these variables were performed in SPSS 21 with five independent samples of 
1000 data points. MAP is strongly correlated to tree cover (R2 = 0.31). Elevation is 
moderately negatively correlated to tree cover (R2 = 0.09) and mean annual temperature 
is weakly correlated to tree cover (R2 = 0.03) (Table A2.2). 
  
Synergy of drought and deforestation 
43 
 
Table A2.2: Pearson’s R2 between elevation, mean annual temperature, mean annual 
precipitation and tree cover for the study area at 0.01° resolution. The results are of samples of 
1000 out of 2872105 data points (681984 for correlations with elevation) and are highly 
significant (p << 0.01). Values in boldface are averages. 
 Temperature Precipitation Tree cover 
Elevation 0.874 0.139 0.077 
 0.878 0.125 0.088 
 0.895 0.149 0.105 
 0.857 0.142 0.076 
 0.803 0.144 0.092 
 0.861 0.140 0.088 
Temperature  0.031 0.030 
  0.038 0.027 
  0.043 0.032 
  0.028 0.033 
  0.016 0.014 
  0.031 0.027 
Precipitation   0.350 
   0.291 
   0.292 
   0.334 
   0.274 
   0.308 
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Appendix A2.3: Stability of tree cover in the study area 
We also calculated the adjusted 𝑅𝑚𝑜𝑑𝑒𝑙
2  in the study area (Table A2.3). The average of five 
samples is R2 = 0.81, which is lower than in the parameterization dataset (R2 = 0.90). 
Table A2.3: The adjusted 𝑅𝑚𝑜𝑑𝑒𝑙
2  of the model  to sampled data points (five independent sample 
of 1000) from the study area. The value in boldface is the average. 
 
 
 
 
 
 
Fig. A2.6 shows the distribution of the three ecosystem states in the study area after 
initializing the entire grid at: 1) forest (T = 0.85); 2) savanna (T = 0.30); and 3) treeless (T 
= 0.01). 
 
Figure A2.6: Stable states after different tree cover initializations. 
The interaction effect between deforestation and precipitation reduction was quantified 
as the relative increase in the number of regime shifts at a certain combination of the two 
compared to the number of shifts at deforestation and precipitation reduction separately. 
Fig. A2.7 visualizes how this interaction effect depends on the extent of precipitation 
reduction and deforestation for the 547 forest cells (0.5° resolution) in the study area. 
Sample Adj. 𝑅𝑚𝑜𝑑𝑒𝑙
2  
1 0.793 
2 0.821 
3 0.828 
4 0.802 
5 0.815 
 0.812 
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Figure A2.7: The interaction effect between deforestation and precipitation reduction on the 
occurrence of regime shifts in the study area. The numbers indicate the relative increase in the 
number of regime shifts compared to the number of shifts at the respective deforestation and 
precipitation reduction separately. 
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Appendix A2.4: Comparison with the Van Nes et al. (2014) model 
Using the names and abbreviations of the parameters and variables from this paper, the 
Van Nes et al. (2014) model can be phrased as follows: 
𝑑𝑇
𝑑𝑡
=  
𝑃
ℎ𝑃+𝑃
 𝑟𝑚 𝑇 (1 −
𝑇
𝐾
) − 𝑚𝐴 𝑇 
ℎ𝐴
𝑇+ ℎ𝐴
− 𝑇 
1
𝐹𝑅𝐼
 
ℎ𝐶
𝛽
ℎ𝐶
𝛽+𝑇𝛽
    (eq. A2.1) 
and in its original form is parameterized as in Table A2.4. 
Table A2.4: Parameterization of Van Nes et al. (2014). For comparison, the names, descriptions 
and units of this paper are retained. 
Parameter Description Value Unit 
β Power in continuity function 7 None 
FRI Fire return interval 1/0.11 Yr 
hA Half saturation of Allee effect 0.10 Fractional tree cover 
hC Half saturation of grass (non-forest) 
cover continuity 
0.64 Fractional tree cover 
hP Half saturation of growth term 182.5 mm yr-1 
K Maximum tree cover 0.90 Fractional tree cover 
mA Mortality due to Allee effect 0.15 yr-1 
rm Maximum tree-cover growth rate 0.30 yr-1 
 
The forest-savanna hysteresis of the Van Nes et al. (2014) model is 1100−1600 mm yr–1, 
smaller than of the paper presented in this paper (Fig. A2.8). When the Van Nes et al. 
(2014) model is parameterized as Table 2.1 (i.e. the fire-induced mortality only depends 
on T) it has a bistability range of 350−1500 mm yr–1 (with forest also stable between 
250−350 mm yr–1). If this fire mortality term is multiplied by the soil moisture index, tree-
cover mortality due to fire effectively equals annual fire intensity times tree cover. 
Performing this multiplication results in a bistability range of 350−850 mm yr–1.In the 
eventual model, tree cover is made resistant to low-intensity fires by incorporating a Hill 
function. Because this Hill function allows fire-induced tree-cover mortality to approach 
1 (divided by FRI) when intensity is considerably larger than half saturation hI, higher 
mortality is possible than without this function. When the exponent 𝛾 is set to 1, tree cover 
increases with MAP without forest and savanna being alternative stable states. Bistability 
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and hysteresis arise when 𝛾 exceeds approximately 1.34 (a fold bifurcation appears at 
2040 mm yr–1). At higher 𝛾 hysteresis widens, with a forest-savanna bistability at 
950−2400 mm yr–1 at 𝛾 = 6. 
 
Figure A2.8: The stable (solid lines) and unstable (dashed lines) tree-cover equilibria of the 
model presented in this paper and in Van Nes et al. (2014). 
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Appendix A2.5: Sensitivity analysis of the model 
With a sensitivity analysis on the parameters it is observed how strongly the precipitation 
range at which both forest and savanna are stable is affected. Largest sensitivity was 
found on hc and K, lowest on hp (Table A2.5). 
Table A2.5: Sensitivity analysis of the model, showing the ranges of mean annual precipitation at 
which forest and savanna are both stable (rounded at 50 mm yr–1 and the treeless state not 
accounted for). At the default parameter settings the bistable range is 950–2400 mm yr–1. 
Parameter Value -20% -10% +10% +20% 
α 4 850–2550 900–2450 1000–2350 1050–2300 
β 6 1550–2350 1350–2350 250–2400 150–2450 
γ 6 1200–2350 1100–2350 800–2400 650–2450 
FRI 7 1050–2550* 1000–2500 900–2300 850–2200 
hA 0.10 750–2350 850–2400 1050–2400 1100–2450 
hc 0.57 50–2150 100–2300 1700–2450 2050–2550 
hI 0.15 1350–2550 1200–2500 550–2300 300–2250 
hSMI 1800 800–1900 850–2150 1050–2650 1150–2850 
K 0.90 2250–2550 1750–2500 100–2300 50–2150 
mA 0.15 700–2300 850–2350 1050–2400 1150–2450 
rm 0.30 1250–2600** 1100–2500 800–2300 600–2200 
* Savanna is only stable above 1500 mm yr–1. ** Savanna is only stable above 2400 mm yr–1. 
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Abstract 
Recent work has indicated that tropical forest and savanna can be alternative stable states 
under a range of climatic conditions. However, dynamical systems theory suggests that in 
case of strong spatial interactions between patches of forest and savanna, a boundary 
between both states is only possible at conditions where forest and savanna are equally 
stable, called the ‘Maxwell point’. Frequency distributions of MODIS tree-cover data at 250 
m resolution were used to estimate such Maxwell points with respect to the amount and 
seasonality of rainfall in both South America and Africa. We tested on a 0.5° scale whether 
there is a larger probability of local coexistence of forests and savannas near the estimated 
Maxwell points. Maxwell points for South America and Africa were estimated at 1760 mm 
and 1580 mm mean annual precipitation and at Markham’s Seasonality Index values of 
50% and 24%. Although the probability of local coexistence was indeed highest around 
these Maxwell points, local coexistence was not limited to the Maxwell points. We 
conclude that critical transitions between forest and savanna may occur when climatic 
changes exceed a critical value. However, we also conclude that spatial interactions 
between patches of forest and savanna may reduce the hysteresis that can be observed in 
isolated patches, causing more predictable forest-savanna boundaries than continental-
scale analyses of tree cover indicate. This effect could be less pronounced in Africa than 
in South America, where the forest-savanna boundary is substantially affected by rainfall 
seasonality.  
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Introduction 
The idea that the distribution of Earth’s biomes is governed by ‘climate envelopes’ has a 
long history (Von Humboldt & Bonpland, 1807; Schimper, 1903). According to this view, 
climate has a deterministic effect on vegetation types, implying that the locations of stable 
biome boundaries are predictable. Correspondingly, the distributions of the biomes on 
Earth, such as tropical forests and savannas, are expected to shift gradually with gradual 
climate change. In recent years, however, evidence has been growing that the effect of 
climate on tropical forests and savannas is nonlinear (Reyer et al., 2015). Notably, studies 
based on satellite data of tree cover showed that under a range of mean annual 
precipitation (MAP) high frequencies of both savanna (~20%) and forest tree-cover levels 
(~80%) can be found, whereas intermediate values are rare (Hirota et al., 2011; Staver et 
al., 2011b). This bimodality of tree cover in both satellite data and field data under given 
environmental conditions indicates that forest and savanna may represent separate 
basins of attraction, which is simply referred to as alternative stable states (Scheffer & 
Carpenter, 2003; Hirota et al., 2011). An important mechanism that could explain such 
bistability is a feedback between grass and fire (Staver et al., 2011b; Murphy & Bowman, 
2012). In savannas, grasses act as fuel for fires (Bond, 2008). Savanna trees are adapted 
to fires by allocating many resources to developing thick barks (Keeley et al., 2011). 
However, this resource allocation implies investing less resources in leaf area than forest 
tree species do (Silva et al., 2013). Because the open canopy in savannas allows fires to 
occur and the closed canopy in forests suppresses fire, both states are self-stabilizing 
(Murphy & Bowman, 2012). Drought, however, may destabilize a forest by allowing it to 
burn. Burnt forests can be invaded by grasses that facilitate recurrent fires (Brando et al., 
2014), which may trigger a transition to savanna. The reverse transition occurs if a fire-
free interval exceeds a threshold, determined by available resources, above which forest-
tree species can form a closed canopy (Hoffmann et al., 2012a). The theory of alternative 
stable states (Scheffer et al., 2001) predicts that bistable systems can undergo a transition 
from one state to the other if environmental conditions (such as MAP) reach a so-called 
‘tipping point’.  After a transition has occurred, the system may not easily recover to the 
original state even if the change in conditions is reversed, a phenomenon called hysteresis. 
Hysteresis implies that there is a range of conditions at which either state can be present 
and large stochastic disturbances could cause transitions between the states (the 
bistability range). Therefore, in a bistable forest-savanna system, boundaries are difficult 
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to predict based on external conditions (Moncrieff et al., 2016). Hence, bistability of forest 
and savanna on the one hand, and the climatic-deterministic explanation of forest-
savanna distributions on the other, seem to represent two fundamentally incompatible 
views. 
Experiments to test hysteresis are challenging, especially on landscape-scale systems 
such as forests and savannas (Bowman et al., 2015). So far, experiments on alternative 
stable states are either conducted in laboratory microcosms (e.g. Dai et al., 2013) or on 
isolated ecosystems (Carpenter et al., 2011). Moreover, theoretical studies of alternative 
stable states often use simple models that assume well-mixed systems without explicit 
consideration of spatial components (Scheffer, 2009). However, the behavior of such 
models can change considerably when local spatial interactions are taken into account 
(Wilson et al., 1996; Bel et al., 2012; Van de Leemput et al., 2015; Villa Martín et al., 2015). 
Spatial interactions are usually modeled in reaction-diffusion equations where the 
relevant state variables (such as biomass) have local dynamics (‘reaction’) and exchange 
between neighboring patches (‘diffusion’). In the case of forest and savanna, this biomass 
exchange between neighboring cells would capture in a simple manner mechanisms by 
which forest patches increase tree cover in neighboring savanna patches (e.g. by means 
of seed dispersal) and by which savanna patches decrease tree cover in neighboring forest 
patches (e.g. by means of fire spread). If patches of forest and savanna spatially interact 
in such a way, then boundaries between alternative stable states may become unstable, 
meaning that the two states cannot coexist on a local scale. This impossibility of local 
coexistence of alternative stable states is a generic result in partial differential equations, 
regardless of the specific mechanisms that cause bistability (Murray, 2002; Van de 
Leemput et al., 2015). However, whether destabilization of local coexistence occurs 
depends on how strong these mechanisms are relative to spatial interactions. With an 
increase in spatial interaction strength, the range of environmental conditions at which 
local coexistence of alternative states is possible becomes smaller (Van de Leemput et al., 
2015). In cases with very strong spatial interactions, it becomes inevitable that at given 
conditions the most stable alternative state will eventually dominate. This is because even 
if the landscape is occupied by the least stable state, a local invasion by the most stable 
state is sufficient to trigger a domino effect of a spatial transition to that state (Pomeau, 
1986; Wilson et al., 1996). This implies that in a gradient of environmental conditions, the 
boundary between the alternative stable states is highly predictable as it occurs at the 
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conditions where both states are equally stable (Wilson et al., 1996; Van de Leemput et 
al., 2015). It also implies that there is no hysteresis in response to changing environmental 
conditions as transitions between alternative states always occur when the conditions of 
equal stability are crossed (Fig. 3.1). Environmental conditions of equal stability are 
referred to as the Maxwell point (after Maxwell, 1875). In cases where spatial interactions 
are so strong that hysteresis is eliminated, the system is said to follow the ‘Maxwell 
convention’. With increasing spatial interaction strength, hysteresis becomes more 
narrow. If spatial interactions are negligible, the system is said to follow the ‘delay 
convention’ (Gilmore, 1981; Fort, 2013). In such cases the patches can be in either state 
independently of the state of neighboring cells and the patches can be in either state over 
a range of conditions. Moreover, hysteresis will make the conditions at which boundaries 
between alternative stable states are found unpredictable.  
Which of the two conventions applies to forest-savanna dynamics is unclear. Forest-
savanna dynamics can be characterized as patch dynamics (Goetze et al., 2006; Dantas et 
al., 2013) acting on the scale of several hundreds of meters (Favier et al., 2012). When 
patches do not interact, the delay convention would apply, which means that we may 
expect a roughly equal distribution of local coexistence of patches of forest and savanna 
along a range of environmental conditions, corresponding to the bistability range (see 
Appendix A3.1 for a modeling example). If, however, there are significant interactions 
between patches, the range where the two states can coexist locally would become 
smaller than the bistability range for isolated patches. The narrowing of the range of 
conditions with local coexistence depends on the spatial interaction strength, with the 
ultimate possibility that there will be only one point where a stable boundary between 
both states is possible. In this ultimate case the Maxwell convention would apply, which 
means that we would find a distinctly peaked distribution of local coexistence of patches 
of forest and savanna around the Maxwell point. 
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Figure 3.1: The theoretical effect of spatial interactions on critical transitions in a bistable system. 
(A) Without spatial interactions between patches in an ecosystem, the patches undergo critical 
transitions between stable states (indicated by solid lines; unstable equilibria are indicated with 
the dashed line) when conditions cross tipping points (vertical arrows). Thus, the system displays 
hysteresis and therefore follows the ‘delay convention’. (B) An increase in spatial interactions 
narrows the range of conditions at which patches can be in alternative stable states. At other 
conditions the least stable state (indicated by dotted lines) is not resilient against perturbations. 
Although the patches undergo critical transitions at different environmental conditions than 
without spatial interactions between them, the system still displays hysteresis. (C) With strong 
spatial interactions between patches, the least stable state is not resilient against perturbations: 
the invasion of at least one patch of the most stable state results in dominance of that state in the 
landscape. Transitions in both directions occur at the Maxwell point (double arrow). Thus, the 
system does not display hysteresis and therefore follows the ‘Maxwell convention’. For this 
example we used the model from Noy-Meir (1975), but the qualitative result is independent of the 
bistable model used. Note that our simplified illustration ignores the effects of stochasticity, which 
allows for back-and-forth transitions to occur in between the tipping points. 
In this study we aimed to identify climatic Maxwell points and test whether forests and 
savannas in South America and Africa tend to coexist at these conditions. If they tend to 
coexist around a Maxwell point, then this would indicate that shifts between forests and 
savannas in both directions can be expected to occur when climatic changes cross a 
Maxwell point, implying the absence of hysteresis. If forests and savannas tend to coexist 
roughly equally throughout the bistability range, then this would be consistent with the 
classical tipping point model (the delay convention as in e.g. Van Nes et al., 2014; Staal et 
al., 2015). In that case, shifts from forests to savannas and vice versa can be expected at 
different climatic conditions, implying hysteresis even in spatially interacting landscapes. 
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Because our study differentiates between these two extremes, it improves our 
understanding of the effect of climate on forest-savanna boundaries and the catastrophic 
behavior of forest-savanna shifts in response to climate change. 
 
Methods 
The stability of a system state can be described as its ‘potential energy’ (Strogatz, 1994), 
which is often visualized as the depth of the system’s stability landscape (Fig. 3.2). The 
stability landscape of forest and savanna at given climatic conditions can be inferred from 
the frequency distribution of tree cover at these conditions (Livina et al., 2010; Hirota et 
al., 2011). Hence, the Maxwell point, at which forest and savanna have equal potential 
energy (Van de Leemput et al., 2015), should be the conditions at which the savanna and 
forest peaks in the tree-cover frequency distribution are equally high (Fig. 3.2). We thus 
attempted to empirically identify Maxwell points for climatic variables for the forest-
savanna systems of tropical South America and Africa. We considered mean annual 
precipitation (MAP) and rainfall seasonality. Independently we investigated the effect of 
these variables on the probability of local forest-savanna coexistence. 
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Figure 3.2: The probability density of tree cover at the Maxwell point. (A) Bistability of forest and 
savanna occurs in the range of a control parameter such as mean annual precipitation. Stable 
states are depicted by the solid line and the unstable state by the dashed line in the bottom plane. 
Stability is also visualized by constructing a stability landscape (after Scheffer et al., 2001) based 
on the physical idea of potential energy (Strogatz, 1994). This potential of states is represented 
by the depth of the valleys; the tendency of a system to seek a state of lower potential is illustrated 
by balls (the system state) rolling down valleys. (B) The depth of the two valleys is equal when the 
control parameter is at the Maxwell point. (C) Potential is inversely proportional to the logarithm 
of the system state’s probability density distribution in space or time (Gilmore, 1979; Gardiner, 
1985). Thus, at the Maxwell point the two modes in the frequency distribution of tree cover should 
have the same height. However, the fraction of points per attraction basin, which is resilience as 
defined by Hirota et al. (2011), need not be the same for the two basins. For a description of the 
model, see Appendix A3.1. 
We took tree-cover observations from South America and continental Africa between 
15°N and 35°S (Hirota et al., 2011) from the MODIS Vegetation Continuous Field (VCF) 
Collection 5 dataset from 2009 at 250 m resolution (DiMiceli et al., 2011). We excluded 
human-used areas, open water and bare ground using the 2009 ESA Globcover dataset 
(values 11–30 and ≥190) at 300 m resolution. However, this is an imperfect exclusion of 
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all human influence such as deforestation. We also excluded mountain regions (≥1500 m 
elevation) using the Shuttle Radar Topography Mission (SRTM) elevation data at 1 km 
resolution assembled by Hijmans et al. (2005). The resulting continental datasets 
consisted each of >100 million observations. Precipitation data were taken from the 
Climate Research Unit monthly dataset at 0.5° resolution (Mitchell & Jones, 2005). 
Seasonality of rainfall was measured as Markham’s Seasonality Index (MSI; Markham, 
1970): 
𝑀𝑆𝐼 = 100
√[∑ 𝑃𝑚 sin(𝑚
2𝜋
12
)𝑚 ]
2
+[∑ 𝑃𝑚 cos(𝑚
2𝜋
12
)𝑚 ]
2
∑ 𝑃𝑚𝑚
     (eq. 3.1) 
MSI considers each monthly precipitation Pm value to be a vector, where its direction is 
determined by the time of year (in month number m) and its length by the amount of 
rainfall. For each year monthly vectors are summed; the summed vector is standardized 
by dividing by total rainfall over the year. This generates an index that is independent of 
mean annual precipitation (MAP) and ranges from 0 to 100%, where 0 implies an equal 
distribution of rainfall over the months and 100% implies that all rainfall occurs in a single 
month. Climatic variables were calculated for the period 1961–2002. All variables were 
resampled to a consistent spatial resolution of 250 m. 
For each continent, we investigated whether the 250 m tree-cover data indicate bistability 
of forest and savanna within ranges of MAP (500–2500 mm) and MSI (10–70%). We 
inferred the climatic ranges of bistability by analyzing the tree-cover probability densities 
using potential analysis (Livina et al., 2010), which can be used to construct stability 
landscapes (Fig. 3.2). We applied this potential analysis to 1‰ of the tree-cover data 
points from each continent (Hirota et al., 2011). We smoothed the densities of tree cover 
with the MATLAB kernel smoothing function ksdensity (with a bandwidth according to 
Silverman’s rule of thumb; Silverman, 1986). We inferred stable and unstable states of 
tree cover (minima and maxima in the potentials) for moving windows of the climatic 
variables (20 mm increments for MAP and 1% increments for MSI), where we applied 
Gaussian weights to the climatic variables (standard deviation was 5% of the entire range 
of the climatic variable) (Hirota et al., 2011). As the MODIS VCF product used here is not 
without bias (Hanan et al., 2014; Hanan et al., 2015), it precludes detailed interpretations 
for specific tree cover values. However, it has recently been validated that observed 
forest-savanna bimodalities are no artifact of the dataset (Staver & Hansen, 2015), 
3
Chapter 3 
58 
 
implying that the bias is smaller than the signal. The observed bimodalities have also been 
shown to be consistent with independent Landsat data (Xu et al., 2015), providing 
sufficient support for the use of the dataset for our purpose. 
To estimate Maxwell points of forest and savanna we randomly took from each continent 
a sample of 1000 tree-cover data points for classes of MAP (500–2500 mm; bin size 100 
mm with 20 mm increments) and MSI (10–70%; bin size 6% with 1% increments). We 
determined for each sample whether the distribution was bimodal by fitting both a uni- 
and bimodal distribution using latent class analysis with the MATLAB function 
gmdistribution. We adopted a conservative approach in determining whether the 
distribution was bimodal by considering three criteria: the bimodal distribution should 
have both 1) a lower Akaike information criterion and 2) a lower Bayesian information 
criterion than the unimodal distribution and 3) there should be a significant (α = 0.05) 
deviation from a unimodal distribution according to Hartigan’s dip test (Hartigan & 
Hartigan, 1985). Furthermore, because we were interested in forest-savanna bimodality, 
we only considered bimodal distributions of which the modes were separated by a tree-
cover value of 0.50, which is the approximate boundary between both basins of attraction. 
We calculated for each bimodal distribution the ratio of the height of the forest mode over 
that of the savanna mode (the bimodal ratio; Zhang et al., 2003). Heights were determined 
after smoothing each distribution, again using the MATLAB function ksdensity. The 
climatic value at which the two peaks are on average equally high (i.e. the mean bimodal 
ratio crosses 1) was used as estimator of the Maxwell point (Fig. 3.2). To generate 
confidence intervals for the Maxwell point we did the sampling and analysis 1000 times; 
we only report bimodal ratios when bimodality was found in at least 10% of the samples.  
At a Maxwell point there may be stable local coexistence of both states independent of the 
strength of spatial interactions (Fig. A3.1; Van de Leemput et al., 2015). We determined 
for each continent and for each climatic variable if there was a relation with the 
probability that savanna and forest coexist locally. We determined local forest-savanna 
coexistence by testing if a grid cell at 0.5° resolution (about 50 km) contained a bimodal 
distribution of tree cover data points at a scale of 250 m. From each 0.5° cell we took a 
random sample of 1000 out of ca. 25000 tree-cover data points. For each sample we 
determined whether the distribution was bimodal, following the same procedure as for 
the analyses on tree cover sampled on a continental scale. However, we excluded 0.5° grid 
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cells that were either ≥50% occupied by human-used areas, water and bare ground, or 
located above 1500 m elevation. The proportion of grid cells at certain climatic conditions 
that was significantly bimodal we call the probability of local coexistence at these 
conditions. To test whether the probability of local coexistence varied within the 
bistability range (as inferred with potential analysis) we binned the grid cells (bin sizes 
100 mm for MAP and 3% for MSI) and performed χ2 tests for independence. If a significant 
effect (α = 0.05) of the climatic variable on local forest-savanna coexistence was found, 
we performed post-hoc pairwise χ2 tests between the bin with highest probability of local 
forest-savanna bimodality and the other bins. We thus estimated the 95% confidence 
interval for the conditions at which the probability in local bimodality peaks (also see 
Appendix A2). To map the distribution of forest, savanna and bimodal areas, we used the 
dip test to determine whether the mode in each unimodal cell was significantly (α = 0.05) 
in the savanna range (mode <50% tree cover), significantly in the forest range (mode 
≥50% tree cover) or significantly in neither. 
 
Results 
In a range of mean annual precipitation (MAP), the tree cover frequency distribution was 
bimodal, corresponding with forest and savanna states (Fig. 3.3A–B). This bimodality of 
tree cover values of 80% and 10% was present in the MAP ranges c. 1100–2000 mm 
(South America) and c. 1300–2000 mm (Africa). Along the bimodal ranges the ratios of 
the height of the forest modes over the savanna modes (bimodal ratio) of the samples 
increased, indicating increasing stability of forest relative to savanna with increasing 
precipitation. Forest and savanna modes were equally high at 1760 mm MAP for South 
America (Fig. 3.3C) and 1580 mm MAP for Africa (Fig. 3.3D), which we consider an 
estimation of the Maxwell points of equal stability of forest and savanna. We could not 
explain the apparent decrease in forest stability in Africa around 2000 mm, but it could 
be an artifact of deforestation in the wet area of coastal West Africa (Hansen et al., 2013), 
which may have been incompletely excluded from the data. We therefore assume in our 
analysis of the probabilities of coexistence of forest and savanna that their bistability 
range in Africa extends up to 2000 mm MAP. 
3
Chapter 3 
60 
 
We tested for bimodality within 0.5° grid cells to find the probability of local coexistence 
of forest and savanna. For South America (Fig. 3.3E), there was a significant peak in the 
probability of local coexistence between 1300–2000 mm MAP (Appendix A3.2). This 
range contained the estimated Maxwell point at 1760 mm MAP. For Africa (Fig. 3.3F), the 
probability of local coexistence also peaked significantly between 1500–2000 mm MAP 
(Appendix A3.2). This range contained the estimated Maxwell point at 1580 mm MAP. 
Also in a range of Markham’s Seasonality Indices (MSI, seasonality in precipitation), the 
tree cover frequency distribution sampled per continent was bimodal (Fig. 3.4A–B). This 
bimodality was present in the MSI ranges 12–55% (South America) and 12–35% (Africa). 
Along the bimodal ranges, the height of the forest mode over the savanna mode of the 
samples decreased, indicating decreasing stability of forest relative to savanna with 
increasing rainfall seasonality. These bimodal ratios crossed 1 at MSI = 50% for South 
America (Fig. 3.4C) and at MSI = 24% for Africa (Fig. 3.4D), which we considered 
estimations of Maxwell points of equal stability of forest and savanna. 
For South America (Fig. 3.4E), there was a significant peak in the probability of local 
coexistence between MSI = 46–55% (Appendix A3.2). This range contained the estimated 
Maxwell point at MSI = 50%. For Africa (Fig. 3.4F), the probability of local coexistence did 
not peak significantly within the inferred bistability range (Appendix A3.2). 
Local coexistence of forest and savanna was mostly found at boundaries of the Amazon 
and Congo rainforests (Fig. 3.5). We show the MAP and MSI at these locations in Fig. A3.3 
and provide Google Earth files of our results as Appendix A3.6. 
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Figure 3.3: Bimodality of tree cover depending on mean annual precipitation, related to Maxwell 
points and the probability of local forest-savanna coexistence. Potential analysis for South 
America (A) and Africa (B) indicates stable (solid dots, local minima in the potential) and unstable 
(open dots, local maxima in the potential) states. Maxwell points (red dashed lines) for South 
America (C) and Africa (D) are estimated as the MAP where the height of the forest mode divided 
by the savanna mode crosses 1 (shown with 95% bootstrap confidence interval; note the log 
scale). Probabilities of local forest-savanna coexistence, estimated as the proportion of bimodal 
grid cells at 0.5° resolution for South America (E) and Africa (F) are given as running means. 
Shaded areas indicate the 95% confidence interval for the location of the peak in the probability 
of local coexistence. Bin size was 100 mm with 20 mm increments for C–F. 
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Figure 3.4: Bimodality of tree cover depending on rainfall seasonality, related to Maxwell points 
and the probability of local forest-savanna coexistence. Potential analysis for South America (A) 
and Africa (B) indicates stable (solid dots, local minima in the potential) and unstable (open dots, 
local maxima in the potential) points. Maxwell points (red dashed lines) for South America (C) and 
Africa (D) are measured as the Markham’s Seasonality Index (MSI) where the height of the forest 
mode divided by the savanna mode crosses 1 (shown with 95% bootstrap confidence interval; 
note the log scale). Probabilities of local forest-savanna coexistence, estimated as the proportion 
of bimodal grid cells at 0.5° resolution for South America (E) and Africa (F) are given as running 
means. The shaded area in E indicates the 95% confidence interval for the location of the peak 
(there was no significant effect in F). Bin size was 6% with 1% increments for C–F. 
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Figure 3.5: The observed distribution of unimodal forest, unimodal savanna, local forest-savanna 
coexistence and unimodal savanna or forest in South America and Africa (between 15°N and 35°S) 
within 0.5° cells (n = 1000 for each cell). Excluded cells are either ≥50% occupied by human-used 
areas, water and bare ground or are located above 1500 m elevation. In South America, 14% of 
the 3612 non-excluded cells are classified as containing local forest-savanna coexistence, which 
are mostly found around the Amazon rainforest. In Africa, 3% of the 4720 non-excluded cells are 
classified as containing local forest-savanna coexistence, which are mostly found around the 
Congo rainforest. “Unimodal savanna or forest” are unimodal cells with its 95% confidence 
interval in both the savanna (tree cover below 0.50) and forest domains (tree cover at least 0.50). 
Digital files of these maps, suitable for display in Google Earth, are provided as Appendix A3.6. 
 
Discussion 
Our results confirm that tropical forests and savannas are bistable over a broad range of 
climatic conditions (Hirota et al., 2011; Staver et al., 2011b; Murphy & Bowman, 2012). 
We also found local coexistence of patches of forest and savanna over a range of climatic 
conditions. However, the probability of local coexistence was not always evenly 
distributed along the range of climatic conditions at which we inferred bistability. This 
effect can be interpreted in the light of dynamical systems theory (Appendix A3.1; Van de 
Leemput et al., 2015), stating that spatial interactions between patches narrow down the 
range of conditions with stable coexistence of the two states. Eventually the most stable 
state would dominate if we assume that local invasions of forests and savannas are always 
possible and the system is not dominated by stochasticity. Spatial interactions between 
patches could thus eliminate (part of) the hysteresis. If this is the case, we would expect a 
significant decline of the probability of forest-savanna coexistence further away from a 
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Maxwell point, even within the range of conditions at which both states are stable when 
they are in isolation. This effect becomes more pronounced with increasing spatial 
interaction strength (Fig. A3.2). 
Within the range of mean annual precipitation (MAP) at which we inferred bistability of 
forest and savanna, we observed a significant effect of MAP on the probability of local 
forest-savanna coexistence for both South America and Africa. In the case of rainfall 
seasonality (MSI), we observed a significant effect on local coexistence only for South 
America. The climatic conditions at which the probability of local coexistence peaked 
coincided with the conditions where the forest and savanna modes in the tree-cover 
frequency distribution were equally high. Based on dynamical systems theory (Gilmore, 
1979; Gardiner, 1985; Livina et al., 2010) we reason that such conditions correspond to 
the Maxwell point, where two alternative states are equally stable (Van de Leemput et al., 
2015; Villa Martín et al., 2015). We used a simple model to illustrate the well-known 
principle (Murray, 2002) that if spatial interactions between patches of two alternative 
stable states are very strong relative to the states’ local self-stabilizing mechanisms (i.e. 
the Maxwell convention applies to the system), then local coexistence of the states under 
constant conditions is only stable at the Maxwell point. However, in our empirical results 
the confidence intervals for the peaks in the probability of local coexistence were 
consistently wider than those for the Maxwell points. Thus, the probability of local forest-
savanna coexistence peaked at a wider range of conditions than merely those at which the 
two states were estimated to be equally stable.  
There can be several explanations for the finding that coexistence occurs at a wider range 
of conditions than the Maxwell point (Appendix A3.5). Firstly, it  is possible that spatial 
interactions between patches are often too weak to establish the most stable state; 
secondly, climatic conditions of equal stability may differ between locations due to other 
environmental factors; thirdly, fine-scale spatial heterogeneity increases the occurrence 
of coexistence; and fourthly, tree cover is often not in equilibrium, due to either natural 
or human disturbances. 
The first explanation for the wider range of conditions at which coexistence occurs 
implies that we cannot fully confirm that the Maxwell convention applies to tropical 
forests and savannas. The results therefore do not refute that transitions between the two 
states may occur at tipping points.  
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The second explanation relates to the fact that the Maxwell points that we determined 
represent the average value for many locations. In reality, stability of forest and savanna 
depends on other environmental factors than only precipitation. Therefore, variation in 
other relevant factors (such as soil type) would also cause variation in the Maxwell point 
for a certain climatic variable (such as MAP). This variation in the environment would also 
inflate our estimates of hysteresis and may potentially give a false impression of 
alternative stable states (and its prediction of sudden ecological change) (Van Nes et al., 
2014). 
The third explanation relates to local spatial heterogeneity, which also expands the range 
of climatic conditions at which local coexistence could be found (Appendix A3.1; Favier et 
al., 2004; Van Nes & Scheffer, 2005; Favier et al., 2012). Examples of such heterogeneity 
include local differences in water availability, differential responses of species to water 
stress and differences in soil properties (Levine et al., 2016). Examples include gallery 
forests, which occur in savanna landscapes where local water availability is high.  
Environmental variability on a scale in the order of the tree cover data (250 m) could thus 
deterministically cause local bimodality of tree cover. However, there is also evidence that 
local heterogeneity in soils may be enhanced by the vegetation itself and therefore be not 
only cause, but also effect of vegetation patchiness. It has, for instance, been shown that 
expansion of forest trees over savannas and grasslands increases soil fertility (Silva et al., 
2008; Silva & Anand, 2011; Paiva et al., 2015). More fertile soils in turn favor the 
development of a closed canopy, which suppresses fire (Hoffmann et al., 2012a). Thus, a 
positive feedback between forest trees and soil fertility may reinforce forest-savanna 
bistability (Hoffmann et al., 2012a; Silva et al., 2013; Staal & Flores, 2015) and therefore 
enhance coexistence in the absence of predetermined environmental heterogeneity.  
The fourth explanation is that the distribution of forests and savannas is often not in 
equilibrium, because these systems are dynamic and always subject to disturbances. 
These disturbances can be anthropogenic (such as deforestation, which has been 
imperfectly excluded from the data) but also natural. The latter is indicated, for instance, 
by the large variability in tree cover observed both in the field and from satellites (Fig. 
A3.4; Sankaran et al., 2005; Hirota et al., 2011; Ratajczak & Nippert, 2012; Van Nes et al., 
2012). Stochasticity may occasionally push the system away from the most stable state 
and can thus be expected to expand the range of climatic conditions at which forest-
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savanna coexistence is found. The closer conditions are to the Maxwell point, the longer 
it takes for a system to move to its equilibrium (Scheffer et al., 2015b; Van de Leemput et 
al., 2015). Thus, even when forest and savanna can be alternative stable states, part of the 
forest-savanna coexistence we observe may be transient ecosystem configurations. Note, 
however, that these effects of temporal as well as spatial variability in conditions do not 
affect whether or not the probability of coexistence differs within inferred bistability 
ranges.  
In South America, the effects of MAP and MSI on the probability of local forest-savanna 
coexistence within the inferred bistability ranges were both strongly significant, whereas 
in Africa, the effect of only MAP was (weakly) significant. The weak correspondence 
between climate and forest-savanna coexistence in Africa could relate to any of the four 
explanations listed above. However, we conjecture that in Africa there are weak spatial 
interactions between forest and savanna patches relative to the local self-stabilizing 
mechanisms of these patches (Appendix A3.1). Specifically, the growth of grasses is faster 
and responds more strongly to MAP in Africa than in South America (Lehmann et al., 
2014). Indeed, fire frequencies are higher in Africa than in South America (Lehmann et al., 
2011). We therefore hypothesize that the grass-fire feedback is faster in African savannas 
than in South American ones, which could explain why we found that forest-savanna 
boundaries more strongly follow the Maxwell point in South America. There, the 
estimated Maxwell point for MSI coincided very well with the independently observed 
peak in the probability of local forest-savanna coexistence. This peak was also more 
narrow and pronounced for MSI than for MAP, which suggests that rainfall seasonality 
more strongly affects the South American forest-savanna distribution than average 
rainfall does. By contrast, our results suggest that average rainfall more strongly affects 
the African forest-savanna distribution than rainfall seasonality does. This contrast 
resonates with the yet unanswered question why savannas in South America can persist 
under wetter conditions than in Africa (Lehmann et al., 2014). Part of the explanation can 
be that African forests are better adapted to dry conditions than South American ones. 
Indeed, analyses of satellite radar data, which can indicate canopy mortality, showed that 
African forests are resilient against occasional drought (Asefi-Najafabady & Saatchi, 
2013), whereas Amazon forests have higher drought sensitivity (Saatchi et al., 2013). 
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Most cases of local forest-savanna coexistence that we observed occurred at the 
boundaries of the Amazon and Congo rainforests, whereas it was relatively rare at other 
locations. This is consistent with the modeling result that local coexistence of forests and 
savannas is not always stable, even in the inferred bistability range. However, it is possible 
that our conservative approach in detecting statistically significant bimodality on the 
basis of 0.5° grid cells has contributed to its scarcity. Furthermore, many 0.5° cells in the 
Brazilian savanna (‘cerrado’) were excluded from the analysis due to human impacts, 
which may have caused an underestimation of the occurrence of local forest-savanna 
coexistence in this region. On the other hand, we may have included human impacted 
areas at the boundaries of the rainforests and thus overestimated the coexistence at these 
boundaries. Local forest-savanna coexistence was about twice as probable in South 
America as in Africa. This may have been caused by a difference in the size of the 
continents’ major rainforest, as the circumference of the Amazon relative to the area of 
South America is about twice as large as the circumference of the Congo forest relative to 
the area of Africa. 
We have presented a novel way of identifying the relative stability of forests and savannas, 
building upon modeling results (Appendix A3.1; Van de Leemput et al., 2015; Villa Martín 
et al., 2015). The climatic conditions of average equal stability, at which a boundary 
between alternative stable states in theory stabilizes, can be detected from peak heights 
in bimodal frequency distributions of tree cover sampled on a continental scale. This 
differs from the definition of resilience by Hirota et al. (2011). According to that definition, 
resilience of a state is the probability that an observation of tree cover falls in the state’s 
basin of attraction, where the cut-off between savanna and forest was set at 60% tree 
cover. Our approach does not require the definition of a cut-off between basins of 
attraction for inferring stability. 
In summary, our results support previous studies that have suggested that tropical forests 
and savannas can be alternative stable states, thereby opposing climate determinism in 
the distribution of these biomes (e.g. Hirota et al., 2011; Staver et al., 2011a; Staver et al., 
2011b; Favier et al., 2012; Murphy & Bowman, 2012; Staal & Flores, 2015). Thus, our 
results indicate that changes in precipitation regimes could cause spatial shifts of the 
boundaries between forests and savannas when tipping points are crossed. However, 
both theoretical and empirical results of our study also indicate that forests and savannas 
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may have less hysteresis than suggested by previous studies, which did not account for 
spatial interactions between patches of the two alternative stable states. An implication 
of our results is then that invasion of a low tree-cover state into a forest, facilitated for 
instance by logging, could cause the spread of a savanna-like landscape into the forest. 
Thus, understanding and preventing forest-savanna transitions requires the 
consideration of different scales, as changes in climate and in tree cover could together 
cross critical points (Staal et al., 2015) after which undesirable biome shifts become 
inevitable (Scheffer et al., 2015a).   
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Appendix A3.1: Effects of spatial interactions on local coexistence 
Theoretical work (Van de Leemput et al., 2015) has shown that if a system has alternative 
stable states, spatial interactions destabilize local coexistence of the states. To illustrate 
this, we made a simple model that describes alternative stable states in tree cover 
(adapted from Van Nes et al., 2014). The model includes a tree cover-fire feedback and 
was parameterized such that it reasonably fits the bimodal tree cover against mean 
annual precipitation (MAP) for South America and Africa. Fig. A3.1A shows the model 
equilibria against MAP, together with the stable and unstable equilibria as inferred using 
potential analysis (Livina et al., 2010; Hirota et al., 2011) on 1‰ of the tree cover data 
from South America and Africa. We combined both continents and excluded human-used 
areas (see main text). The model equation for tree cover T (fraction) is: 
𝑑𝑇
𝑑𝑡
=
𝑃
ℎ𝑃+𝑃
∗ 𝑟𝑚 ∗ 𝑇 ∗ (1 −
𝑇
𝐾
) − 𝑚𝑓 ∗ 𝑇 ∗
ℎ𝑓
𝑝
ℎ𝑓
𝑝
+𝑇𝑝
      (eq. A3.1) 
where P is mean annual precipitation (mm); hP is the half saturation of the growth of T 
(250 mm yr-1); rm is the maximum growth rate of T (0.25 yr-1); K is carrying capacity of T 
(1), mf is the maximum fire-induced mortality of T (0.18 yr-1), hf is the half saturation for 
the fire-induced mortality of T (0.57); p is an exponent in the function for fire-induced 
mortality of T (3.3). The model has bistability of forest (T ≈ 0.8) and savanna (0 < T < ~0.3) 
for P = 1040–3000 mm yr-1. It has a Maxwell point at P = 1650.31 mm yr-1. Note that this 
model can be useful for demonstrating general behavior of systems with alternative stable 
states, but not for making quantitative predictions of, for example, the effect of spatial 
interactions on hysteresis. 
We first implemented the model for two interacting patches with some amount of tree 
cover. Spatial interactions were modeled as the exchange of tree cover: each patch 
diffused a fraction d of its tree cover to the neighboring patch each year. This diffusion 
had no effect on the bistability range: no matter the value of d, initializing both patches 
for either forest or savanna anywhere in the bistability range (P between 1040–3000 mm 
yr-1) resulted in stable forest, respectively savanna. However, d did affect at which P the 
two patches can exist in contrasting states in a stable way. The higher was d, the smaller 
became the precipitation range at which forest and savanna could coexist (Fig. A3.1B). 
This continued until (from about d = 0.01 yr-1) local coexistence was only possible at the 
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Maxwell point. In this case the system is said to follow the Maxwell convention (Gilmore, 
1979). (In this example stable local coexistence occurred at slightly lower P than the 
Maxwell point due to an artifact of using only two patches.) 
We implemented the model also for a larger grid of patches (401×50) and imposed a 
gradient in P from 500–3500 mm yr-1 (Fig. A3.1C). We initialized the model at forest (T = 
0.8), imposed high diffusion so the Maxwell convention applies (d = 0.5) and ran a 
simulation of 2000 years. This resulted in a traveling front of the forest-savanna boundary 
until a stable configuration was reached at which savanna was present at the P values 
below the Maxwell point and at which forest was present at the P values above the 
Maxwell point. The traveling front slowed down as the Maxwell point was approached 
until the velocity became zero at the Maxwell point itself. This result is inevitable for any 
initialization of the grid. All above calculations were done in GRIND for MATLAB. 
As shown, a situation in which alternative stable states follow the Maxwell convention 
only occurs in case there are strong spatial dynamics at play, which makes it an extreme 
scenario. At the other extreme are systems with alternative stable states that are said to 
follow the delay convention. In such cases spatial dynamics do not reduce hysteresis in 
the system at all, as with d = 0 in the above demonstration. For forests and savannas, the 
distinction between the delay convention and the Maxwell convention reflects the 
distinction between, on the one hand, these ecosystems having large hysteresis, and, on 
the other hand, climate determinism. However, even if the Maxwell convention (or climate 
determinism) applies, local conditions such as in soil differ. Consequently, the stability of 
forests and savannas, including their tipping points and Maxwell points, would also differ. 
Such spatial heterogeneity can be expected to increase the range of climatic conditions at 
which local coexistence is found (Favier et al., 2004; Van Nes & Scheffer, 2005; Favier et 
al., 2012). Stochasticity in the ecological dynamics can also be expected to increase this 
range of conditions (Villa Martín et al., 2015). Furthermore, not all local coexistence is 
necessarily stable. Disturbances to forests, for example, may temporarily cause local 
coexistence in tree cover. It should be noted that such temporary local forest-savanna 
coexistence would be more probable at conditions close to the Maxwell point than further 
from it, as in theory, the recovery to the most stable state slows down when conditions 
approach the Maxwell point (Van de Leemput et al., 2015). 
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Figure A3.1: The theoretical effect of spatial 
interactions on a bistable forest-savanna 
system. A) Potential analysis indicates the 
stable (solid dots) and unstable points (open 
dots) of tree cover (South America and 
Africa combined) for different levels of MAP. 
A simple model for tree cover with forest 
and savanna as alternative stable states was 
fitted on these data. The model has fold 
bifurcation points at 1040 mm and 3000 
mm. B) If the model is implemented for two 
interacting patches with diffusion d 
(fraction of tree cover diffused to the other 
patch in each year), the MAP range at which 
the patches can exist in contrasting states 
becomes narrower. C) If the model is 
implemented on a grid (401 × 50 cells; initial 
tree cover = 0.8) along a gradient of MAP, a 
stable boundary between forest (blue) and 
savanna (red) settles at the Maxwell point if 
diffusion is sufficiently high (here, d = 0.5; 
the model was ran for 2000 years).  
 
 
 
 
We also used the model to demonstrate the combined effects of spatial interactions and 
spatial heterogeneity in conditions on the occurrence of local forest-savanna coexistence 
for different values of P (550 through 3550 mm yr-1 in 100 mm yr-1 increments). We 
implemented the model for a 32×32 grid of patches with and without spatial 
heterogeneity in those patches. Spatial heterogeneity was included by randomly assigning 
a value for the growth rate rm from a normal distribution with mean 0.25 and standard 
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deviation 0.03. We ran the model without spatial interactions (d = 0 yr-1), with moderate 
spatial interactions (d = 0.005 yr-1) and with strong spatial interactions (d = 0.01 yr-1). 
Initial tree cover was assigned randomly between 0 and 1 for each patch. Here we assume 
that on a long term random disturbances to the patches justify using random initial 
conditions. The grid had periodic boundaries and the model was always ran for 2000 
years. After each run we determined whether there was forest-savanna bimodality, 
indicating local coexistence, following the same method as for the analyses on the MODIS 
tree cover data (see main text). We repeated this procedure 100 times and for each 
parameterization we determined the fraction of runs after which forest and savanna 
coexisted. 
Without spatial interactions between patches and spatial heterogeneity in growth rate the 
delay convention applied, and the probability of forest-savanna coexistence was roughly 
equally distributed throughout the bistable range (1050–2950 mm yr-1) (Fig. A3.2A). With 
spatial interactions added, coexistence was only found around the Maxwell point (Figs. 
A3.2B–C). In this case the Maxwell convention applied. The pattern changed when spatial 
heterogeneity in growth rate was included. With this spatial heterogeneity, the range of 
MAP at which forest and savanna coexist was consistently wider than without spatial 
heterogeneity. Even at the strongest simulated spatial interactions there was coexistence 
in a large part of the bistability range. 
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Figure A3.2: The modeled probability of local forest-savanna coexistence at different levels of 
spatial interaction between patches and spatial heterogeneity in growth rates of tree cover. The 
same model was used as for Fig. A3.1. In the “no spatial interactions” runs (A and D), the diffusion 
term was set to 0. In the “moderate spatial interactions” runs (B and E) the diffusion factor d was 
set to 0.005 yr-1 and in the “strong spatial interactions” runs (C and F) d was set to 0.01 yr-1. To 
simulate spatial heterogeneity (D–F), the tree-cover growth rate rm in each patch was sampled 
randomly from a normal distribution with mean 0.25 and standard deviation 0.03. 
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Appendix A3.2: χ2 tests for probabilities of local coexistence 
We determined whether the probability of local forest-savanna coexistence in the 0.5° 
cells varied within the bistability ranges of MAP and MSI. With potential analyses on the 
tree cover data it was inferred that the bistability ranges were 1080–2020 mm (MAP for 
South America; Fig. 3.3), 1280–2060 mm (MAP for Africa; Fig. 3.3), 12–55% (MSI for 
South America; Fig. 3.4) and 12–34% (MSI for Africa; Fig. 3.4). We binned the 0.5° cells 
within the bistability ranges (bin sizes 100 mm for MAP and 3% for MSI) and performed 
χ2 tests for independence. Only MSI in Africa was not significant on the 5% significance 
level (p = 0.213); other p values were 0.008 (for MAP in South America), 0.047 (MAP in 
Africa) and 0.000 (MSI in South America). On these three bistability ranges we performed 
post-hoc pairwise two-sided χ2 tests between the bin with highest probability of local 
forest-savanna coexistence and the other bins. We considered the 95% confidence 
interval for the MAP or MSI at which the probability of local coexistence peaks to be the 
range of bins that did not differ significantly with the bin of the highest probability. We 
accounted for Type I errors by using Keppel’s modification of the Bonferroni correction 
for α inflation:  
𝛼𝑐𝑜𝑟𝑟 =
1− (1− 𝛼)𝑐
𝑐
         (eq. A3.2) 
where αcorr is the corrected significance level, α = 0.05 and c is the number of pairwise 
comparisons (number of bins – 1). The p values of the pairwise χ2 tests are shown in Table 
A3.1. 
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Table A3.1: p values of the pairwise χ2 tests of bins of mean annual precipitation (MAP, in mm) 
within the bistability ranges for South America and Africa, and those of Markham’s Seasonality 
Index (%) for South America. Results tagged with letters indicate no significant difference with 
the reference bin, being the one with the highest probability of local coexistence (where only a 
letter is given). 
MAP (mm) South America Africa MSI (%) South America 
1100–1200 0.001           N/A 13–16 0.001 
1200–1300 0.013           N/A 16–19 0.014 
1300–1400 0.110a 0.001 19–22 0.001 
1400–1500 0.302a 0.040 22–25 0.258 
1500–1600              a 0.224b 25–28 0.000 
1600–1700 0.081a              b 28–31 0.000 
1700–1800 0.402a 0.201b 31–34 0.000 
1800–1900 0.889a 0.313b 34–37 0.005 
1900–2000 0.931a 0.377b 37–40 0.000 
   40–43 0.022 
   43–46 0.020 
   46–49 0.315c 
   49–52               C 
   52–55 0.068 
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Appendix A3.3: Mapping inferred Maxwell points vs. local forest-savanna 
coexistence 
Fig. A3.3 shows how distant the cells at 0.5° resolution which displayed local forest-
savanna coexistence are from the estimated Maxwell points in MAP and MSI. It can be 
seen that the climatic conditions at which local coexistence was found have a large range. 
Notably, in South America, bimodal cells with a MAP around 7000 mm are observed (Fig. 
A3.3A). Local forest-savanna coexistence will not be stable at such extreme conditions, 
given that potential analysis indicated that forest and savanna are only bistable in South 
America between 1000–2000 mm. It should, however, be noted that although MAP and 
MSI are independent variables, there is an interaction effect between them on the 
occurrence of bimodal cells. In Africa, for example, bimodal cells at low MSI (<30%) are 
clustered around 1600–1700 mm MAP, whereas at high MSI (>30%) the MAP of bimodal 
cells ranges roughly between 500–2500 mm (Fig. A3.3B). Besides their interaction effect, 
the correlations between the Maxwell points of MAP and MSI vary geographically. This 
further complicates the disentanglement of the effects that annual precipitation and its 
seasonality have on the stability and distribution of tropical forest and savanna as 
alternative stable states. 
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Figure A3.3: The cells (0.5°) with local forest-savanna coexistence and the estimated Maxwell 
points of MAP and MSI for South America and Africa. A and B: the MAP and MSI of local forest-
savanna coexistence (black dots) with lines indicating the estimated Maxwell points for MAP (red) 
and MSI (blue). C: maps with the locations where local forest-savanna coexistence was detected 
(dark) with isolines for the Maxwell points of MAP (red) and MSI (blue). 
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Appendix A3.4: Potentials of tree cover 
 
Figure A3.4: Relative potentials of tree cover for different values of mean annual precipitation, 
Markham’s Seasonality Index and the number of dry and wet years. Red indicates low potential 
(high stability) and yellow indicates high potential (low stability).  
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Appendix A3.5: Examples of local forest-savanna coexistence 
 
 
 
 
 
 
 
 
 
 
 
 
Figure A3.5: Different causes of ‘local forest-savanna coexistence’ on a 0.5° scale. A) A fishbone 
pattern of low tree cover within forest in the State of Rondônia in Brazil indicates deforestation 
as cause of the detection of local-scale bimodality in tree cover; B) Forest-savanna boundary at 
the Sipaliwini savanna at the Surinam-Brazil border. The round shapes of the savanna boundary 
indicate the influence of fire on the boundary location; C) Gallery forests within savanna in 
Cameroon indicate that fine-scale landscape relief enhances forest-savanna coexistence; D) 
Savanna patches in the Congo rainforest near its southern edge in the Democratic Republic of the 
Congo. 
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Appendix A3.6: Google Earth files of results on 0.5° scale (online) 
At https://link.springer.com/article/10.1007/s10021-016-0011-1 there are four 
accompanying .kmz files, which can be viewed in Google Earth. “Google Earth South 
America coexistence.kmz” displays the locations of the 0.5° cells in South America that 
were found to have local coexistence of forest and savanna. “Google Earth South America 
all categories.kmz” displays for South America the results of Fig. 3.5. Likewise two files for 
Africa have been added. 
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Abstract 
Recent studies have interpreted patterns of remotely sensed tree cover as evidence that 
forest with intermediate tree cover might be unstable in the tropics, as it will tip into 
either a closed forest or a more open savanna state. Here we show that across all 
continents the frequency of wildfires rises sharply as tree cover falls below ~40%. Using 
a simple empirical model, we hypothesize that the steepness of this pattern causes 
intermediate tree cover (30‒60%) to be unstable for a broad range of assumptions on 
tree growth and fire-driven mortality. We show that across all continents, observed 
frequency distributions of tropical tree cover are consistent with this hypothesis. We 
argue that percolation of fire through an open landscape may explain the remarkably 
universal rise of fire frequency around a critical tree cover, but we show that simple 
percolation models cannot predict the actual threshold quantitatively. The fire-driven 
instability of intermediate states implies that tree cover will not change smoothly with 
climate or other stressors and shifts between closed forest and a state of low tree cover 
will likely tend to be relatively sharp and difficult to reverse.  
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Introduction 
The emerging idea that tropical forest and savanna may be alternative stable states over 
a range of climatic conditions (Hirota et al., 2011; Staver et al., 2011b; Hoffmann et al., 
2012a; Murphy & Bowman, 2012; Xu et al., 2016) has profound implications for predicting 
and managing change in these biomes. However, proving the existence of such alternative 
ecosystem states is notoriously difficult (Scheffer & Carpenter, 2003), especially in 
systems such as the tropical rainforest where the relevant spatial and temporal scales 
make replicated experimentation challenging (Nepstad et al., 2007; Furley et al., 2008; Da 
Costa et al., 2010; Brando et al., 2014; Bowman et al., 2015). Building a convincing case 
for hypotheses on such large-scale phenomena therefore has to rely on a combination of 
remotely sensed observations and constrained field experiments with a mechanistic 
understanding of key processes, brought together to analyze the coherence between these 
different lines of evidence (Scheffer & Carpenter, 2003). The central hypothesis proposed 
to explain bistability of savanna and forest states is the existence of a strong feedback 
between tree cover and fire risk (Cochrane et al., 1999; Staver et al., 2011b; Hoffmann et 
al., 2012b; Murphy & Bowman, 2012; Dantas et al., 2013; Dantas et al., 2016; Wuyts et al., 
2017). The idea is that if tree cover becomes sufficiently dense, it precludes the growth of 
grasses that serve as an easily ignitable fuel for wildfires (Hoffmann et al., 2012b). This is 
consistent with the observation that grass growth is largely suppressed when tree canopy 
density exceeds a critical value (roughly a Leaf Area Index of three (Hoffmann et al., 
2012a)). Moreover, at much larger scales across both African and South American 
landscapes, it has been noted that the observed burned area is very small in landscapes 
with more than 40% tree cover (Archibald et al., 2009; Wuyts et al., 2017). Such 
observations resonate with the idea of a positive feedback in which trees can prevent fire, 
thus stabilizing a forest state versus a landscape that is maintained open through fire 
(Staver et al., 2011b; Murphy & Bowman, 2012; Lasslop et al., 2016).  
Here we use remotely sensed data on fire frequencies at 500 m resolution, tropical tree 
cover and climatic variables to develop a simple model that we use to evaluate whether 
the fire feedback hypothesis is consistent with observed patterns of tree cover and fire, 
and present simulations that provide a mechanistic explanation of those patterns. 
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Results 
Patterns of fire frequency 
Mean annual precipitation (MAP) and tree cover explain much of the variation in fire 
frequency (Table A4.1; Fig. A4.1). Our results reveal a clear and consistent rise in fire 
probability at a tree cover below ~40% on all continents (Figs. 4.1, 4.2A, 4.3, Table A4.2). 
The shape of this relationship remains rather constant across a range of classes of MAP 
(Fig. A4.2). In line with previous work (Van der Werf et al., 2008; Pausas & Ribeiro, 2013), 
we find that fire frequency peaks at intermediate MAP (Figs. A4.3, A4.1C), but this effect 
is rather independent from the effect of tree cover (Figs. 4.1, Fig. A4.2). We also find 
substantial differences in the fire probability between continents. Especially notable is the 
low fire frequency in South America as compared to other continents (Figs. 4.1, 4.3, A4.3) 
and particularly Africa (see also Van der Werf et al., 2008; Lehmann et al., 2014). We could 
not explain this difference in fire frequency by any of a range of examined climatic and 
demographic variables (Fig. A4.1).  
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Figure 4.1: The average probability that a grid cell (500×500 m) catches fire per year as a function 
of mean annual precipitation and tree cover. A. All tropics, B. South America, C. Africa and D. 
Australia and Asia. 
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Figure 4.2: Tree-cover loss due to fire leads to alternative stable states for reasonable 
assumptions about the growth curve. A. The dots represent the average probability that a grid cell 
(500×500 m) catches fire per year as a function of tree cover (for each 1% bin). For parameters 
of the fitted line, see Table A4.1. Below the figure the corresponding frequency of each tree cover 
class of 1% is given. Note that the remote sensing estimator of tree cover is bounded to maximum 
values just above 80%. B. If the per-capita growth rate (d-1) (blue line) is equal to the per-capita 
loss (d-1) due to fire (red line) the system is in equilibrium. The equilibrium at intermediate tree 
cover is unstable. The probability density in the lower panel is produced by exposing the model 
to a stochastic environment. The parameters of the model r = 0.0002, α = 0, β = 1, γ = 1, mfire = 
0.0004, and applying additive, normally distributed noise with a standard deviation of 0.003 using 
the Fokker-Planck equation (Gardiner, 2004; also see Appendix A4.1; Grasman & van 
Herwaarden, 2010) and simulating until equilibrium is reached. 
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Figure 4.3: The average probability that a grid cell (500×500 m) catches fire per year as a function 
of tree cover. Below each figure the corresponding frequency of each tree cover class of 1% is 
given. A. All tropics, B. South America, C. Africa and D. Australia and Asia. Fitted line with the best 
AIC: Pfire(T) =  p1
Tp3
Tp3+p2
p3
 
p4
p5
Tp5+𝑝4p5
. For parameters see Table A4.1. See Table A4.2 for the precise 
ranges in tree cover where the fire frequency drops. 
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Percolation as a potential mechanism explaining the patterns 
The universality of the sharp drop in fire frequency above a critical tree cover is consistent 
with the idea that percolation might play a role in determining the impact of fire on 
landscapes (MacKay & Jan, 1984; Archibald et al., 2012; Staver & Levin, 2012; Abades et 
al., 2014; Schertzer et al., 2015). The basic idea is simple: if, starting from a closed forest, 
tree cover decreases gradually, there will be a point when grass patches become 
sufficiently connected to allow fire to find a path to cross the entire landscape. This 
“percolation point” comes rather abruptly. Indeed, statistically, the size of the largest 
connected patch of grass increases sharply around a percolation point of grass cover. If 
we assume for simplicity that grass fires are always stopped if they run into a tree barrier, 
and local ignitions happen only occasionally, then the overall probability for grass to catch 
fire will depend on how well fire can spread through the landscape. Not surprisingly, this 
probability rises sharply around the percolation point. It should be noted, however, that 
it is not possible to predict a universal percolation point (critical tree cover) from simple 
models. This is because the value of the percolation threshold is strongly dependent on 
the spatial configuration of trees and on the connectivity between cells. For instance, if 
one models trees as circular patches in a continuum of grass one gets a different result 
than if one assumes circular open patches of grass in a continuum of trees (Fig. 4.4). Also, 
if one models percolation on a lattice, the predictions depend on the connectivity between 
the cells, i.e. whether the cells are square, hexagonal or shaped otherwise (Fig. A4.4). 
Overall predictions of the percolation point from simple models range between 30 and 
70% tree cover (Fig. 4.4), including the 40% tree cover at which the steep change in fire 
frequency is observed. Clearly, the simple models do not capture other factors that will 
likely affect the relationship between tree density and fire frequency in reality, such as 
fire management and land use (Andela et al., 2017), imperfect suppression of fire by trees 
(Cochrane & Laurance, 2002) and the fact that forest patches are neither perfectly circular 
nor distributed randomly. For example, in southern Africa power-law distributions of tree 
cluster sizes have been observed for tree cover values up to 65%, indicating effects of 
local-scale facilitation on tree density (Scanlon et al., 2007). Nonetheless, the fact that the 
steep change in fire frequency around 40% tree cover is so consistent across the tropics 
suggests that, although we do not have sufficient information to parameterize a specific 
realistic model, a universal phenomenon such as percolation likely governs the 
relationship between tree cover and fire dynamics.  
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Figure 4.4: Prediction of the average probability of fire using the continuum percolation model 
(see Methods) with different assumptions about spatial configurations. Fire in grass spreads 
within connected grass areas; trees do not burn. The areas indicate the ranges between the 5th and 
95th percentiles of the average probability of fire calculated in 100 independent runs. Yellow area: 
randomly dispersed overlapping circles of grass in a continuum of trees; blue area: randomly 
dispersed overlapping circles of trees in a continuum of grass. 
 
The fire feedback hypothesis  
To address the question under which conditions a drop in fire probability above a critical 
tree cover could cause intermediate tree cover to be unstable, resulting in alternative 
stable states of low and high cover, we need to consider the role of fire in the overall 
dynamic equilibrium of tree cover. Various modeling approaches have been developed for 
this, ranging from simple (Van Nes et al., 2014; Staal et al., 2015) to more complex models 
(Scheiter & Higgins, 2007; Accatino et al., 2010; Staver & Levin, 2012; Lasslop et al., 2016; 
Wuyts et al., 2017). Here we design a very simple model (Fig. 4.2B) with the objective to 
give a minimalistic explanation of how the empirical patterns in fire occurrence could lead 
to alternative stable states. We assume that: 1) the relative loss of tree cover increases 
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monotonically with fire frequency (Cochrane & Schulze, 1999; Hoffmann et al., 2012b), 
and 2) the relative growth rate of tree cover declines monotonically with tree density 
(Waring et al., 1981) and reaches zero at the maximum tree cover.  
Obviously, fire-induced tree mortality is highly stochastic and depends on a range of 
factors. For instance, most tree species in the savanna biome are typically less tall (Xu et 
al., 2016) and better adapted to fire (Hoffmann et al., 2003) than in the forest biome. 
However, as a simple mean field approximation (Fig. 4.2B) we assume that average fire-
induced losses are simply proportional to fire frequency in a fixed way. The rationale for 
the second assumption is that there will be density-dependent growth restriction due to 
crowding and competition. This is a commonly used basic assumption for models of 
population growth (e.g. logistic growth, generalized logistic growth and Gompertz 
growth). In Fig. 4.2B we assume a linear decline in the per-capita growth corresponding 
to logistic growth, which is indeed found, for instance, in basal area growth of trees 
(Waring et al., 1981).  
The intersection points of the growth and the loss curves represent equilibria where 
growth balances average loss. It can be seen that the intersection point around the 
threshold where loss due to fire drops, is an unstable equilibrium, as any perturbation 
from this specific tree cover will result in either increased tree cover towards the closed 
forest state, or decrease towards a very low tree cover. The existence of such an unstable 
equilibrium is explained by a positive feedback causing self-propagating change away 
from the unstable point (DeAngelis et al., 1986; Van Nes et al., 2016). Obviously, we do not 
know the precise growth and loss curves. However, the observed steepness of the drop in 
fire occurrence implies that the results are robust in the sense that unstable points can 
occur at intermediate tree densities for a wide range of combinations of growth and loss 
curves (e.g. see Fig. A4.5).  
  
Discussion 
The universality of the sharp change in tropical fire frequency around ~40% tree cover 
that we find is striking. Also striking is the observation that across the global tropics 
intermediate tree cover is systematically rare (Hirota et al., 2011; Staver et al., 2011b; Xu 
et al., 2016). Our graphical model illustrates that the fire frequency pattern can explain 
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the rarity of intermediate tree cover. The model makes it straightforward to see why this 
happens under a wide range of assumptions on growth curves and fire-related 
mortalities. In geometric terms, the reason is that the steepness of the drop in fire with 
increasing tree cover is unlikely to be paralleled by a similarly steep drop in growth rates 
around the same threshold. As a result, the growth and mortality curves tend to intersect, 
implying instability of intermediate tree cover. Since we derive the fire frequency directly 
from data, we just need to add rather standard growth equations to demonstrate that the 
observed bimodal patterns of tree cover are consistent with tree-cover-dependent fire as 
a driver.  
Our simulations of the expected effects of percolation on fire frequencies illustrate the 
fascinating possibility that the steepness of the drop in fire frequency around a certain 
tree cover results from a generic fire percolation phenomenon. However, our analysis also 
shows that the actual tree cover at which such a percolation would happen cannot be 
predicted from the kind of models discussed in the literature, as the outcome depends 
strongly on the choice of simplifying assumptions. Nonetheless, our results do confirm 
that the universality of the patterns of fire and tree cover we find across the tropics are 
consistent with percolation as an explanation, provided that conditions such as geometry 
of tree distributions and their capacity to act as firebreaks are roughly universal too. 
Clearly, even if the characteristics affecting percolation would be more or less invariable, 
there will be other relevant aspects that vary between regions. For instance, fire 
probabilities differ markedly between continents. The causes of those differences are still 
poorly understood, but may include a range of factors related to both ecology (Lehmann 
et al., 2014) and human influence (Andela et al., 2017). There may also be less obvious 
aspects that cause differences between regions. For instance, mortality will depend on the 
susceptibility of trees to fire which is known to be dependent on their morphological traits 
such as bark thickness, tree size and density (Brando et al., 2012) and on allocation of 
biomass to roots (Hoffmann & Franco, 2003). Such traits differ from place to place and 
trees in fire-prone savannas have adaptations to reduce fire mortality (Hoffmann et al., 
2009). Fire dynamics will also interact with other disturbances, particularly the effects of 
herbivores on grass and tree cover (Scholes & Archer, 1997; Van Langevelde et al., 2003; 
Bond & Keeley, 2005; Archibald & Hempson, 2016; Bernardi et al., 2016). An obvious next 
step would now be to develop more detailed models that link the results of the long 
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tradition of ground-based work (Scott et al., 2014) with the massive amounts of remote 
sensing data now available. While all remotely sensed data have important associated 
uncertainties (Roy et al., 2008; Hanan et al., 2014; Hanan et al., 2015), tree-cover and 
burned-area datasets show robust patterns over most of the tropics (Roy et al., 2008; 
Giglio et al., 2013; Hanan et al., 2015). Synthesizing this information with detailed 
observations of fire spread and tree mortality in relation to species traits and landscape 
geometries in spatially explicit and ecologically realistic models may bring us closer to a 
true understanding of the mechanisms that shape tropical landscapes in such surprisingly 
universal ways. 
Our inferred critical cover for tropical forest should not be confused with another possible 
critical cover resulting from large-scale forest-rainfall feedbacks. Forests can enhance 
regional rainfall, implying that a certain level of forest loss could change regional climate 
to a point where it becomes unfavorable for forests themselves (Malhi et al., 2008; 
Nepstad et al., 2008; Spracklen et al., 2012; Zemp et al., 2017a). Feedback between tree 
cover and fire acts on a local scale and is therefore independent from these regional 
dynamics. Nonetheless, the predicted instability of intermediate tree cover has far-
reaching implications as it implies the potential for self-propagating shifts between closed 
forest and an open landscape when drivers such as climate change or logging reach a 
critical level. 
 
Methods 
Satellite data 
We used the standard MODIS burned-area product MCD45 Collection 5 (Roy et al., 2008) 
for the years 2002‒2010 and recorded for each 500×500 m pixel whether it was burned 
in a given year. We did not use data from before 2002, because of a data gap in MODIS 
TERRA acquisitions over most of June 2001. To reduce the number of data points, we 
created a regularly spaced grid by using only the center pixel of each 0.1x0.1º cell, 
resulting in a grid of c. 500,000 points, regularly spaced over the global tropics (latitude 
between 15ºN and 35ºS). We calculated probability of fire at 500 m scale for each tree 
cover class of 1% (or other variable) by counting the number of years in each class of 
pixels where it was recorded as burning. We excluded areas that were human-used, water 
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or bare ground, as defined as categories [11‒30 and 190‒230] in the 2005 European 
Space Agency (ESA) Globcover dataset at 300 m resolution. Annual composite burned-
area maps were generated considering the start of each year in April and the end in March 
the next year, coinciding with the annual global minimum fire activity during March-April 
(Giglio et al., 2013). The tree-cover data were extracted from the MODIS VCF Collection 5 
dataset for the year 2001, before the fire-data time series (DiMiceli et al., 2011). 
We tested for climatic, topographic and anthropogenic effects on the probability of fire 
using twelve relevant variables. Specifically, mean annual precipitation (MAP), 
precipitation of the wettest quarter (PWQ) and precipitation of the driest quarter (PDQ) 
at 1 km resolution, which were downloaded from the WorldClim website (Hijmans et al., 
2005). Seasonality (MSI, Markham’s Seasonality Index; Markham, 1970), interannual 
variability (coefficient of variation of MAP) and extremes (proportion of severely wet and 
dry years) of precipitation were calculated using the Climate Research Unit’s (CRU) 
monthly data at 0.5×0.5º for the period 1961‒2001 (Mitchell & Jones, 2005). Severely wet 
(SPIW) or dry years (SPID) were defined as those with yearly precipitation greater than 
or less than 1.5 times standard deviation of long term MAP (Holmgren et al., 2013). SRTM 
digital elevation data at 1 km resolution were downloaded from the WorldClim website. 
Total human population and human population in rural areas in 2005 at 0.05×0.05º were 
downloaded from the History Database of Global Environment (HYDE 3.1) (Klein 
Goldewijk et al., 2011) and were log-transformed. We obtained values of livestock from 
the FAO Gridded Livestock of the World (Robinson et al., 2014). Although this dataset uses 
modeling in order to extrapolate spatially, we converted the data to Tropical Livestock 
Units (TLU) per km2 where different livestock species are converted to a mean standard 
weight of 250 kg per individual. All spatial data were resampled to a consistent resolution 
of 0.1×0.1º, after which we took a sample of 1% of the data points (n = 2737). Table A4.3 
lists the websites where the publicly available data can be downloaded. 
Minimal model of tree cover 
The net change in tree cover (T) is modelled as the balance between the per-capita growth 
function (g (T)) and per-capita mortality due to forest fires (m(T)). 
𝑑𝑇
𝑑𝑡
= (𝑔(𝑇) − 𝑚(𝑇)) 𝑇         (eq. 4.1) 
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As growth function we use the generalized logistic growth function of Richards (growth 
rate r, yr-1), in which the shape of the density dependence can be adjusted by adding one 
extra parameter, the power β (Richards, 1959). The carrying capacity for tree cover is 
implicitly set to 1 (= full cover). 
 𝑔 (𝑇) = 𝑟(1 − 𝑇𝛽)          (eq. 4.2) 
The loss due to fire is proportional to the probability of fire (Pfire (T)) to a power γ, and the 
average relative loss of tree cover when catching fire (mfire). The power γ is by default set 
to 1 but can be used to evaluate sensitivity to the model definition.  
𝑚(𝑇) = 𝑚𝑓𝑖𝑟𝑒𝑃𝑓𝑖𝑟𝑒(𝑇)
𝛾        (eq. 4.3) 
Alternatively, we assume that the relative loss of tree cover when catching fire is 
proportional to the tree cover: 
𝑚(𝑇) = 𝑚𝑓𝑖𝑟𝑒,2 𝑇 𝑃𝑓𝑖𝑟𝑒(𝑇)
𝛾        (eq. 4.4) 
The annual probability of catching fire as a function of the tree cover (Pfire (T)) is 
determined with tropics-wide satellite data (see above). We fitted different empirical 
functions, using non-linear regression (lsqcurvefit in MATLAB) (equations 5‒7) or 
generalized linear model fit (glmfit in MATLAB) and for logistic regression (with and 
without optimum) (equations 4.8 and 4.9): 
Asymmetric optimum function ‘Double Hill function” (powers p3 and p5, half-saturation p2 
and p4): 
𝑃𝑓𝑖𝑟𝑒(𝑇) =  𝑝1
𝑇𝑝3
𝑇𝑝3+𝑝2𝑝3
 
𝑝4
𝑝5
𝑇𝑝5+𝑝4
𝑝5
       (eq. 4.5) 
Sigmoidal Hill function (power p3 and half-saturation p2): 
𝑃𝑓𝑖𝑟𝑒(𝑇) =  𝑝1
𝑇𝑝3
𝑇𝑝3+𝑝2𝑝3
        (eq. 4.6) 
Mirrored Hill function (power p3 and half-saturation p2): 
𝑃𝑓𝑖𝑟𝑒(𝑇) =  𝑝1
𝑝2
𝑝3
𝑇𝑝3+𝑝2𝑝3
        (eq. 4.7) 
Standard logistic regression (parameters p1 and p2): 
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𝑃𝑓𝑖𝑟𝑒  (𝑇) =
1
1−𝑒𝑥𝑝(− (𝑝2 𝑇 + 𝑝1))
        (eq. 4.8) 
Logistic regression with optimum (parameters p1, p2 and p3): 
𝑃𝑓𝑖𝑟𝑒(𝑇) =
1
1−𝑒𝑥𝑝(− (𝑝1 𝑇2+𝑝2 𝑇 +𝑝3))
       (eq. 4.9) 
These functions are not mechanistic, but are simply meant for obtaining a good fit. The 
parameters p1‒5 determine the shape of the functions and are fitted using the procedure 
described above. We selected the most parsimonious model using the Akaike Information 
Criterion (AIC) assuming a binomial distribution for the fire frequency (Table A4.1). We 
fitted the equations and did the statistics on a random sample of 1% of the points to 
account for spatial autocorrelation.  
  
Continuum and discrete percolation theory 
Imagine savanna to be a very large lattice of grass. At random, a site of the lattice can be 
occupied by trees with a probability p (‘trees’) or stay unoccupied with probability (1 – p) 
(‘grass’). In the standard ‘site percolation’ framework (e.g. Abades et al., 2014; Schertzer 
et al., 2015), it is assumed that fire can only travel in sites with grass by igniting 
neighboring grid cells with grass. However, the threshold is strongly dependent on 
assumptions about how cells are connected in the lattice (Suding & Ziff, 1999). Therefore, 
we applied continuum percolation theory (Gilbert, 1961) to study the probability of fire 
as a function of tree cover.  
In this approach, circles (or other shapes) are randomly distributed in a continuum of 
another state. We considered two possibilities: circular trees being randomly dispersed 
on a continuous space of grass, or circular grass patches being randomly dispersed on a 
continuum of trees. For computational convenience, we approximated continuum 
percolation by drawing overlapping circles with a radius of 20 units at random positions 
on a fine lattice of 1000×1000 units. We continued drawing these overlapping circles until 
we reached a certain tree cover. We repeated these simulations considering the 
continuum to be trees. 
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In all models, we calculated the average probability that any patch burns if a randomly 
chosen grass patch ignites. First, we determined the sizes of all clusters of connected grass 
patches Si. The probability that a randomly ignited cell belongs to cluster i is dependent 
on the proportion of the Ng grass cells that belong to that cluster (=Si/Ng). If this cluster is 
ignited, the relative area that burns is the size of the cluster divided by the total number 
of cells (=Si/N of the cells). Therefore, the average probability that a patch burns if any 
grass patch is ignited (Pav) equals: 
𝑃𝑎𝑣 =  ∑
𝑆𝑖
2
𝑁 𝑁𝑔
𝑖           (eq. 4.10) 
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Appendix A4.1: Modelling the probability density of the simple model 
In Fig. 4.2B we show a probability density function that is derived using a Fokker-Planck 
equation (Gardiner, 2004; Grasman & van Herwaarden, 2010). Here we explain this 
approach for non-mathematicians. Consider the following deterministic differential 
equation with one state variable x: 
𝑑𝑥
𝑑𝑡
=  𝑓(𝑥)          (eq. A4.1) 
Where f(x) is some function of x. The simplest way to add stochasticity is to use additive 
noise to the equation. This denotes random variations in the change rate of the state 
variable. This is done in the following way, using Itô calculus: 
𝑑𝑥
𝑑𝑡
=  𝑓(𝑥) +  𝜎 𝑑𝑊 𝑑𝑡         (eq. 
A4.2) 
Here dW is random Gaussian noise and sigma is the standard deviation of noise. This 
model is stochastic, and we could run it many times to derive a probability density 
function. An alternative approach is to describe the probability density p(x) using a 
Fokker-Planck equation that is equivalent (Gardiner, 2004). The resulting model is the 
following deterministic partial differential equation:. 
𝜕𝑝(𝑥)
𝜕𝑡
= −
𝜕
𝜕𝑥
(𝑓(𝑥) 𝑝(𝑥)) +
𝜕2
𝜕𝑥2
(
 𝜎2
2
 𝑝(𝑥))      (eq. A4.3) 
In our case we set reflecting boundaries at a tree cover of 0 and 1 (as the tree cover can 
never exceed these values). We start the simulation with a narrow arbitrairy initial 
distribution (with a surface area of 1). If we run this partial differential equation until 
equilibrium, the resulting distribution is independent of the initial conditions. We used 
the MATLAB command pdepe to simulate the model.  
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Figure A4.1: The probability of fire as function of various variables in South America (blue circles) 
and Africa (red circles). This figure is not intended to be a predictive model, but we try to explain 
the differences in fire frequency between these continents. We did not perform multiple 
regression because of covariations among variables. All variables are divided in 100 bins (except 
SPID and SPIW, which are discontinuous). The area of the circles indicates the frequency of 
observation within each bin (see legend). A. Altitude (m), B. Tree cover (%), C. Mean Annual 
Precipitation (MAP) (mm yr-1), D. Precipitation of Wettest Quarter (PWQ) (mm yr-1), E. 
Precipitation of Driest Quarter (PDQ) (mm yr-1), F. Coefficient of variation of annual precipitation 
(mm yr-1), G. Markham’s seasonality index (MSI) (-), H. Percentage of severely wet years (SPIW) 
(%), I. Percentage of severely dry years (SPID) (%), J. Livestock density in number of livestock 
units (km-2), K. Human rural population density per grid cell 10log (x+1) (-), L. Human population 
density per grid cell 10log (x+1) (-). 
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Figure A4.2: Multimodality in tree cover and the shape of the fire function match within different 
classes of mean annual precipitation (MAP in mm yr-1) for all tropics. The grayed areas 
approximate the range of logistic growth functions where alternative stable states are possible. a: 
MAP<500 mm yr-1; b: MAP between 500 and 1000 mm yr-1; c: MAP between 1000 and 1500 mm 
yr-1, the maximum probability of fire here is 0.27 yr-1; d: MAP between 1500 and 2000 mm yr-1; e: 
MAP between 2000 and 2500 mm yr-1; f: MAP > 2500 mm yr-1. 
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Figure A4.3: The average probability that a grid cell (500×500 m) catches fire per year as a 
function of mean annual precipitation. The frequency distribution shows how often the 
precipitation class occurs. The lines are fitted logistic curves with optimum (for parameter values 
see Table A4.1). A. All tropics, B. South America, C. Africa and D. Australia and Asia. 
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Figure A4.4: The probability of fire in a percolation model if a discrete lattice is assumed. The 
drop due to the percolation point is dependent on the assumptions about the connectivity 
between the cells. Yellow: “square grid”: fire can spread in 4 directions in the lattice, cyan: 
“hexagonal grid” fire can spead in 6 directions in the lattice; blue “8-neighbors” like the quare grid 
but fire can also spead in 4 diagonal directions. 
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Figure A4.5: Under a range of assumptions, each pair of growth (dashed) and loss curves (solid 
line) of tree cover can have three intersections. These intersection are either stable (solid circle) 
or unstable (open circle) equilibria. At the y-axis there is an additional unstable trivial equilibrium 
(open circle) . In all these cases, the model has alternative stable states (see also Fig 2b). a. 
Different growth rates r (r = 0.0001, 0.0002 (red line), 0.0003 (cyan line), 0.0004 (purple line) and 
0.0005 (yellow line)) and default loss (blue line). b. Different exponents (β) of the Richards’ 
growth curve 𝑟 (1 − 𝑇𝛽) (β = 0.25 (green line), 0.5 (red line), 1 (cyan line), 2 (purple line) and 4 
(yellow line)) and default loss (blue line). c. Different exponents (γ) of the relation between fire 
frequency and tree cover loss 𝑃(𝑇)𝛾 (γ = 0.5 (blue line), 1 (green line), 1.5 (red line), 2 (cyan line), 
2.5 (purple line) and 3 (yellow line)) and default growth (black line). d. The effect of different 
functions for the mortality of trees due to fire: 𝑚𝐵𝑇
𝛼 (α = 0 (blue line), 0.5 (green line), 1 (red 
line)) for two levels of growth rate (r = 0.0001 (purple line), 0.0002 (cyan line)). For other 
parameters see Fig. 4.2.
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Table A4.2: The ranges of tree cover above which the fire frequency drops (see also Fig. 4.3). The 
range of the steepest drop is defined as the area where the fire frequency is between 25% and 
75% of the maximum. 
Continent 
Tree cover where the fire 
frequency drops 
All continents 31% to 45% 
South America 24% to 45% 
Africa 33% to 49% 
Australia and Asia 19% to 32% 
 
 
Table A4.3: Data sources used in this research. The data analyzed in this paper were 
downloaded from the following publicly available websites. 
Name of database URL Citation 
MODIS tree cover 
product 
http://glcf.umd.edu/research/portal/nasaaccess20
11/vcf_index.shtml 
(DiMiceli et al., 
2011) 
MODIS burned area 
product 
http://modis-fire.umd.edu/pages/BurnedArea.php (Roy et al., 2008; 
Giglio et al., 2013) 
WorldClim data http://www.worldclim.org/version1 (Hijmans et al., 
2005) 
CRU climate data https://crudata.uea.ac.uk/cru/data/hrg/ (Mitchell & Jones, 
2005) 
HYDE human 
population data 
http://themasites.pbl.nl/tridion/en/themasites/hy
de/ 
(Klein Goldewijk 
et al., 2011) 
Gridded livestock of 
the world 
http://www.fao.org/ag/againfo/resources/en/glw
/home.html 
(Robinson et al., 
2014) 
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Abstract 
Disturbances shape tropical vegetation structure, but their effects on the stability of 
forests and savannas in different climates remains elusive. Here we integrate empirical 
and theoretical approaches to determine the effects of climate on disturbance-driven 
forest-savannas shifts. We analyzed time series of remotely sensed tree cover and fire 
observations with estimates of herbivory pressure across the tropics to quantify 
disturbance-tree cover feedbacks along climatic gradients. From these empirical results 
we developed a spatially explicit and stochastic fire-vegetation model that includes 
herbivore pressures. A herbivory-tree cover feedback is most important towards the drier 
tropics whereas a fire-tree cover feedback dominates in the moister tropics. We find 
emergent bistability of forests and savannas with hysteresis across rainfall conditions. 
Interestingly, the rainfall range where alternative vegetation states can be found depends 
strongly on rainfall variability. Both higher seasonal and inter-annual variability in 
rainfall increase fire frequency, but only seasonality expands the distribution of fire-
driven savannas into wetter climates. The strength of the fire-tree cover feedback 
depends on the spatial configuration of tree cover: landscapes with clustered deforested 
areas are more susceptible to cross a tipping point of fire-driven forest loss than 
landscapes with scattered deforested patches. Our study provides a novel framework for 
studying feedbacks between tree cover and disturbances of different types across the 
global tropics in a changing climate.  
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Introduction 
Fire has been interacting with life for more than four hundred million years acting as both 
an ecological and a climatic force on the Earth system (Scott & Glasspool, 2006; Bowman 
et al., 2009; Scott et al., 2014). Fire-vegetation interactions play a fundamental role in 
shaping tropical vegetation: the continuous grass layers that characterize tropical 
savannas enhance fire occurrence and these fires, in turn, enhance landscape openness 
and grass growth by killing trees or removing their aboveground biomass; on the other 
hand, closed forest canopies suppress fires, thereby contributing to maintain a tree-
dominated closed landscape (Murphy & Bowman, 2012; Van Nes et al., 2018). Such 
mutually reinforcing interactions between fire and vegetation are called positive 
feedbacks. If positive feedbacks are sufficiently strong, they can maintain alternative 
stable states, which are usually separated by tipping points (Van Nes et al., 2016). Close 
to tipping points, small changes in an environmental factor can produce a shift that is hard 
to reverse (Scheffer et al., 2001).  
The bistability of forest-savanna systems implies that even small changes in average 
rainfall or its variability could potentially push a tropical forest past a tipping point into a 
savanna state. Indeed, large-scale analyses of the frequency distributions of tropical tree 
cover indicate that forests and savannas can be alternative stable states at intermediate 
rainfall levels (Hirota et al., 2011; Staver et al., 2011b; Xu et al., 2016). Moreover, they 
show that savannas become more common with decreasing average rainfall (Hirota et al., 
2011; Staver et al., 2011b) and increasing seasonality (Staal et al., 2016) and inter-annual 
variability of rainfall (Holmgren et al., 2013). The factors driving the resilience of these 
ecosystems are manifold and complex. However, several recent theoretical (Dirmeyer & 
Brubaker, 1999; Staver & Levin, 2012; Van Nes et al., 2014; Schertzer et al., 2015; Lasslop 
et al., 2016) and empirical advances (Staver et al., 2011b; Hoffmann et al., 2012a; Murphy 
& Bowman, 2012; Dantas et al., 2016; Flores et al., 2017) support the hypothesis that fire-
vegetation feedbacks provide one of the dominant mechanisms explaining the main 
patterns of tree-cover distributions across the tropics. 
Predicting how fire-vegetation feedbacks may change the stability and resilience of 
tropical forests and savannas in a future with stronger and more frequent climatic 
extremes is an urgent challenge. To better understand how fire-vegetation feedbacks may 
cause forest-savanna shifts we need observation-based and spatially explicit models that 
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can reproduce tropics-wide tree-cover observations and complexities in fire dynamics 
(DeAngelis & Yurek, 2017). So far, small-scale theoretical models including spatial ones 
(Schertzer et al., 2015) have been used to study complex emergent fire dynamics but lack 
empirical realism and applicability. Meanwhile, large-scale observation-based models 
such as global fire-vegetation models (Hantson et al., 2016) lack the small-scale dynamics 
that generate complex fire- and tree cover dynamics (Pausas & Dantas, 2017). Here we 
present a spatially explicit fire model that is parameterized on time series of remotely 
sensed tree-cover and fire observations from across the tropics. We quantify from these 
observations the fire-vegetation feedback loop and determine the effects of rainfall 
variability on fire frequencies. We also include observation-based estimates of herbivore-
vegetation interactions to reproduce tree-cover patterns across rainfall conditions.  
We test if our parameterized model predicts whether and how fire-driven tipping points 
between tropical forests and savannas may occur. More specifically, given the poorly 
understood effects of expected intensifications of rainfall variability (Huang et al., 2013; 
Boisier et al., 2015) on fire dynamics, we use the model to ask how increasing rainfall 
variability may 1) affect the stability of Earth’s tropical forests and savannas; and 2) 
interact with spatial disturbances such as local deforestation pressures to trigger tipping 
points in tropical ecosystems. 
 
Methods 
Spatially explicit fire model 
We developed a spatially explicit model and parameterized it on remotely sensed 
information of fire and tree cover. This information was taken from the global tropics 
(15ºN‒35ºS), thus including South America, Africa, south Asia and Australia. The model 
is a difference equation implemented on a square lattice of 100×100 cells with periodic 
boundaries. In this it is based on an early forest-fire model (Bak et al., 1990; Drossel & 
Schwabl, 1992) which was further developed afterwards, by including weather-
dependent fires (Pueyo, 2007) and gradual fuel succession (Pueyo et al., 2010). We 
introduce several novelties to the fire component of the model: tree cover-dependent fire 
probability and tree cover-dependent fire-induced loss of tree cover. These 
improvements to the model were parameterized based on remotely sensed data. Because 
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the underlying tree-cover data have a spatial resolution of 250 m, the lattice represents a 
landscape of 25×25 km. Each cell in the lattice contains information about tree cover in a 
given time step dt of one year and whether or not the cell is burning. The model includes 
an empirical growth term for tree cover, G(MAP,T), a function of mean annual rainfall 
(MAP) and tree cover (T), and two loss terms. The first loss term, F(T,P,S), represents fire-
induced loss and is an empirical function of tree cover, rainfall in a given year (P) and 
rainfall seasonality (S). The second loss term, H(MAP,T), represents herbivory-induced 
loss and is an empirically-based function of tree cover and mean annual rainfall. This gives 
the following structure of the model: 
𝑇𝑖,𝑗(𝑡 + 𝑑𝑡) = 𝑇𝑖,𝑗(𝑡) + (𝐺𝑖,𝑗(𝑀𝐴𝑃, 𝑇) − 𝐹𝑖,𝑗(𝑃, 𝑇, 𝑆) − 𝐻𝑖,𝑗(𝑀𝐴𝑃, 𝑇)) 𝑑𝑡  (eq. 5.1) 
Growth of tree cover in each cell (Ti,j in %) is modeled as logistic growth with growth rate 
r (yr-1) towards carrying capacity K(MAP) (%): 
𝐺𝑖,𝑗(𝑀𝐴𝑃, 𝑇) =  𝑟 𝑇𝑖,𝑗(𝑡) (1 −
𝑇𝑖,𝑗(𝑡)
𝐾(𝑀𝐴𝑃)
)      (eq. 5.2) 
Because maximum tree cover depends on mean annual rainfall (MAP in mm yr-1) 
(Sankaran et al., 2005; Hirota et al., 2011), we estimated for bins of MAP (of width 100 
mm yr-1) the carrying capacity of tree cover as the 99th percentile of tree cover. We fitted 
a Hill function to these results, which yielded the empirical carrying capacity K(MAP): 
𝐾(𝑀𝐴𝑃) =  𝐾𝑚𝑎𝑥
𝑀𝐴𝑃𝑛
ℎ𝑀𝐴𝑃
𝑛 +𝑀𝐴𝑃𝑛
       (eq. 5.3) 
where Kmax (%) is the maximum tree cover value in the data; hMAP (mm yr-1) represents 
the value of MAP at which half the maximum carrying capacity is reached; and n (-) is an 
exponent.  
We calculated the tree cover growth rate r (yr-1) using time series of annual tree cover 
data to determine for each burnt cell the growth rate after a fire has occurred (n = 60724 
burns with subsequent unburned tree cover recovery) (Flores et al., 2017) where we 
assumed logistic growth towards carrying capacity K(MAP) (Waring et al., 1981). We thus 
obtained a location-specific growth rate, but although the tree cover product that we use 
has already been successfully used to compute post-fire recovery (Flores et al., 2017) it 
contains considerable uncertainties, resulting in high variation in estimates of growth 
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rates. Therefore, we took the median growth rate (across all values of MAP) as growth 
rate r (yr-1) in the logistic growth function. 
Fire-induced tree cover loss F(P,T,S) applies only in case a cell burns during a certain time 
step. Within each time step, fires may ignite in any cell and spread to any of a burning 
cell’s eight neighboring cells. Fire spreads within a time step, because fire spread is 
assumed to take place on a much faster time scale than growth (Pueyo, 2007). We 
obtained the probabilities of fire ignition and spread from annual fire probability in bins 
of tree cover (bin width 2%) and annual rainfall P (bin width 100 mm yr-1). How 
seasonality S was accounted for is discussed in a separate section below. The fire 
probability-tree cover relation can be described by a double Hill function (Van Nes et al., 
2018) and the fire probability-rainfall relation is hump-shaped (Dantas et al., 2016). We 
fitted a scaled logistic regression and Gaussian function to the fire-rainfall relation and 
selected the Gaussian because it was the most parsimonious one (as determined by the 
lowest value for the Akaike Information Criterion). We combined the double Hill and 
Gaussian functions into one equation for fire probability Probfire (yr-1) as a function of tree 
cover T and rainfall in the burn year P (mm yr-1): 
𝑃𝑟𝑜𝑏𝑓𝑖𝑟𝑒 =  𝑝1
𝑇𝑝3
𝑇𝑝3+𝑝2𝑝3
𝑝4
𝑝5
𝑝4
𝑝5+𝑇𝑝5
𝑒−(𝑃−𝑝6)
2/(2𝑝7
2)     (eq. 5.4) 
The probability of the initial ignition of a fire is the product of Probfire and ignition rate 
pign. We simulated in our lattice the emergent fire frequencies at different ignition rates 
and tree cover values. We calculated the ignition rate that best fitted (least squared 
residuals) the empirical fire-tree cover relation for the rainfall level at which fire spread 
is at its maximum (p6) which is when ignition rate is most limiting for fire occurrence. We 
used this fitted ignition rate throughout our simulations. We performed the simulations 
assuming that fire spreads more easily than it ignites, which is reasonable for the dry-
season fires that dominate the tropics (Archibald et al., 2012). Therefore, fire probability 
for cell i,j in case any of its eight neighbors is burning was set to 
𝑃𝑟𝑜𝑏𝑓𝑖𝑟𝑒
𝑝1
. For rainfall at 
peak fire frequency this yielded a very high goodness of fit of fire frequency as a function 
of tree cover with R2 = 0.95. 
In case a cell burns during a certain time step, its tree cover is reduced by a tree-cover-
dependent function. This loss of tree cover after a fire was determined for each burnt cell 
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in our dataset by subtracting tree cover in the year after a burn from tree cover in the year 
before the burn. For each tree cover value T (%) we took the observed median per-capita 
fire-induced tree-cover loss and we subsequently fitted a third-degree polynomial to 
these medians. Thus, fire-induced tree cover loss becomes as follows (which does not 
allow for negative loss of tree cover): 
𝐹𝑖,𝑗(𝑃, 𝑇) = {
𝑚𝑎𝑥(0, 𝑎3 𝑇𝑖,𝑗
3 (𝑡) + 𝑎2𝑇𝑖,𝑗
2 (𝑡) + 𝑎1 𝑇𝑖,𝑗(𝑡) + 𝑎0) 𝑇𝑖,𝑗(𝑡)   𝑖𝑓 𝑇𝑖,𝑗 𝑏𝑢𝑟𝑛𝑠
0                                                                                     𝑖𝑓 𝑇𝑖,𝑗 𝑑𝑜𝑒𝑠 𝑛𝑜𝑡 𝑏𝑢𝑟𝑛
 (eq. 5.5) 
where a0, a1, a2 and a3 are empirically obtained constants. We tested whether the results 
were caused by other factors than fire by repeating our analysis on unburned locations 
and did not find similar patterns (median tree-cover loss over a two-year period were 
generally 0; see Figs. A5.5 and A5.6). 
Not only fire, but also herbivory is an important pressure that suppresses tree cover, 
which is especially so in arid savannas (Sankaran et al., 2005; Archibald & Hempson, 
2016). Therefore, we added to the model the rainfall- and tree cover-dependent loss term 
to represent the effects of herbivory on tree cover. Global estimates of wild herbivore 
densities are lacking, but those of livestock densities are not; and for Africa herbivore 
biomass estimates are available, which show a similar pattern as livestock densities 
(Hempson et al., 2015). We therefore used the estimated densities of livestock (Robinson 
et al., 2014) as measured in Tropical Livestock Units (TLU km-2) as proxies for total 
herbivore densities densH. We related these estimates to mean annual rainfall and tree 
cover to obtain herbivore-induced tree cover loss: 
𝐻𝑖,𝑗(𝑀𝐴𝑃, 𝑇) = 𝑚𝐻 𝑑𝑒𝑛𝑠𝐻(𝑀𝐴𝑃, 𝑇) 𝑇𝑖,𝑗(𝑡)       (eq. 5.6) 
where the function for herbivore density densH has the same structure as that for fire 
probability: 
𝑑𝑒𝑛𝑠𝐻(𝑀𝐴𝑃, 𝑇) =  𝑙1
𝑇𝑙3
𝑇𝑙3+𝑙2
𝑙3
𝑙4
𝑙5
𝑙4
𝑙5+𝑇𝑙5
𝑒−(𝑀𝐴𝑃−𝑙)
2/(2𝑙7
2)    (eq. 5.7) 
We estimated mH, representing the mean effect of herbivory on tree cover, from the 
calculated relation between biomass consumption of herbivores and fire in Africa 
(Archibald & Hempson, 2016). We randomly varied this parameter spatially and for each 
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year according to the coefficient of variation in the livestock density dataset (CVTLU), but 
had to constrain high levels of mH (Fig. A5.2). 
All parameters and their values are given in Table 5.1. 
 
Effects of rainfall variability on fire probability 
We explored how fire probability (eq. 5.4) depends on rainfall variability. We considered 
both rainfall seasonality and inter-annual variability. As measure of seasonality S we used 
Markham’s Seasonality Index (MSI) (Markham, 1970), which ranges from 0 to 100%. The 
index quantifies how evenly rainfall is distributed across the months in the year and thus 
captures both the severity and duration of dry (wet) periods in wet (dry) regions. We 
determined which parameter is most sensitive to an increase in seasonality in the 
following steps. 
First we established two sub-datasets, one with all data points with average values of MSI 
(between 33rd and 67th percentiles, which are MSI values of 37% and 57%) and one with 
all data points one standard deviation above the average (between 67th and 97th 
percentiles, which are MSI values of 57% and 82%). We then separately fitted each of the 
parameters in the fire function on each of these datasets while keeping the remainder of 
the fire function intact. We compared the AIC values of the fits for the average and high 
MSI values. The parameter with largest absolute ΔAIC best explains the difference in fire 
frequency between average and high MSI. We found that this parameter is p7, which 
describes the width of the Gaussian function of rainfall. We used the two estimates of p7, 
for average and high MSI, to obtain a coefficient of variation of this parameter, CVseas, that 
captures the response of fire probability to deviations in seasonality (S) from its average 
(MSI in the range 37‒57%, or simply 47%): p7seas replaces p7 as 𝑝7𝑠𝑒𝑎𝑠 =  𝑝7 𝐶𝑉𝑠𝑒𝑎𝑠
𝑆
47
. 
Similarly we explored the effects of inter-annual rainfall variability on fire probability. 
Both the standard deviation and coefficient of variation (CV) of annual rainfall were poor 
measures to detect general patterns in response to inter-annual variability because both 
are confounded by annual rainfall. However, we found that the percentage of severely dry 
or wet years affected fire probability consistently. A severely dry year is defined as <1.5σ 
and a severely wet year as ≥1.5σ from the mean annual rainfall (Holmgren et al., 2013). 
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As average inter-annual variability we took a frequency of 5‒6% of either severely dry or 
wet years (30th‒81st percentiles) and as one standard deviation higher than average we 
took 7‒8% (81st‒99th percentiles). Here we found that fitting the parameter that scales 
the fire function, p1, gave a greater improvement in the than p7. Thus, analogous to those 
for seasonality we used the two estimates for the effects of inter-annual variability to 
obtain a coefficient of variation of p1, CVinterann, that captures the response of fire 
probability to deviations in inter-annual rainfall variability from its average (a frequency 
of severely dry/wet years (FSY) of 5‒6%, or simply 6%): p1interann replaces p1 as 
𝑝1𝑖𝑛𝑡𝑒𝑟𝑎𝑛𝑛 = 𝑝1 𝐶𝑉𝑖𝑛𝑡𝑒𝑟𝑎𝑛𝑛  
𝐹𝑆𝑌
6
. 
 
Datasets of fire, tree cover and rainfall 
We used the standard MODIS burned area product MCD45 Collection 5 (Roy et al., 2008) 
for the years 2002‒2010 which records for each cell on 500 m resolution whether it had 
burned in a given year. Tree-cover data were extracted from the MODIS VCF Collection 5 
dataset for the years 2001‒2010 (DiMiceli et al., 2011) at 250 m resolution. All rainfall 
data were downloaded from the Climate Research Unit’s (CRU) monthly dataset at 0.5º 
resolution; for all climatic variables the period 1961‒2001 was used (Hirota et al., 2011). 
We excluded areas that were human-used, water or bare ground, as defined as categories 
[11‒30, 190‒230] in the ESA 2009 Globcover dataset at 300 m resolution. We resampled 
all datasets to 250 m and took a regularly spaced sample with a distance of 0.1º (c. 10 km), 
which resulted in a dataset of c. 270,000 locations. 
 
Simulations and analyses 
We tested whether the spatial model has alternative stable states by initializing the lattice 
uniformly with either forest (tree cover = 80%) or savanna (tree cover = 10%) and 
subsequently examining the tree cover distributions after 1000 simulated years. We did 
this for every 10 mm yr-1 up to 2000 mm yr-1 and for different levels of rainfall variability: 
average and one, two and three standard deviations higher variability than the average 
for rainfall seasonality, its inter-annual variability, and all combinations of those. Apart 
from exploring the possible ranges of tree cover values resulting from the model we also 
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investigated how well it reproduced empirical patterns. For this we randomly sampled 
10,000 data points and ran the model for each of them for its respective mean annual 
rainfall and seasonality, with the locally observed tree cover as homogeneous initial 
condition throughout the lattice. We ran the model under these conditions for 1000 years 
and used linear regression to evaluate the correspondence between observed and 
simulated tree cover. 
We experimented with the magnitude and type of spatial disturbance to the forest in 
order to determine whether and how self-propagating expansion of savanna (or low tree 
cover) may result from them. We tested for the effect of disturbance magnitude to our 
forested lattice of 10,000 cells by setting an increasingly large proportion of cells (up to 
the entire lattice) to 10% tree cover, ran the model for 1000 years and recorded the 
average tree cover. Two types of spatial disturbance were tested: clustered disturbance 
and random disturbance. For the clustered disturbance we imposed the disturbance as a 
square area of cells; for the random disturbance the location of each disturbed cell was 
randomly assigned across the lattice. We present results for mean annual rainfall levels 
of [1300, 1400, ... 1700] mm yr-1 under average rainfall variability and for 1700 mm yr-1 
for up to three standard deviations of rainfall seasonality above the average. 
To calculate burned area we performed a number of runs of 5000 years, each time with 
constant tree cover [5, 15, ... 85%], rainfall [100, 200, ... 2000] and seasonality (0‒3 
standard deviations from the average). In each run we recorded all fires and their sizes 
and calculated burned area. 
All simulations were performed in GRIND for MATLAB. 
 
Results  
Our parameterized model (Figs. 5.1, 5.2, Table 5.1) generates bistability of forest and 
savanna with accompanying hysteresis against changing rainfall conditions (Figs. 5.3, 
A5.1). The underlying mechanism is the feedback loop between fire and tree cover: first, 
the probability of fire ignition and spread peaks in savannas (tree cover around 10‒20%; 
Fig. 5.1A) and at intermediate rainfall (around 1100 mm yr-1; Fig. 5.1B) across continents 
(Fig. A5.7). Second, in savannas the per-capita tree-cover loss in case a fire occurs is 
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around 20% (Fig. 5.1C; see Fig. A5.5 for continental differences). Third, tree-cover 
recovery from fire is too slow to reach a closed canopy at those observed fire probabilities. 
This can occur in savannas up to about 1700 mm yr-1 (Fig. 5.3A). In forests, fire probability 
is always low (Fig. 5.2) so the described run-away effect does not set off in the absence of 
other disturbances. 
Increasing seasonality of rainfall increases the width of the bell-shaped response of fire 
frequency to rainfall (Fig. 5.1B) with 32% for one standard deviation of seasonality (Fig. 
5.2). This means that fire frequency peaks at a wider range of mean-rainfall levels, 
implying a qualitative change in the relation between fire and rainfall. Increasing inter-
annual variability of rainfall increases the height of the peak fire frequency with about 5% 
for one standard deviation of the frequency of severely dry or wet years (Fig. A5.9; Table 
5.1). Thus, despite a quantitative change, the relation between fire and rainfall remains 
the same with inter-annual variability. We find that this difference between seasonality 
and inter-annual variability is reflected in how they affect the stability of forests and 
savannas: inter-annual variability does not increase forest-savanna hysteresis whereas 
seasonality does (Fig. A5.1). Seasonality strongly increases the range of rainfall conditions 
where savanna-fire frequency is high: when seasonality is two standard deviations above 
its average, savannas are stable up to about 2000 mm yr-1 (Fig. A5.1).  
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Figure 5.1: Parameterizations of the model as functions of tree cover and rainfall across the 
tropics. A) Mean fire probability (yr-1) as a function of tree cover (%). B) Mean fire probability (yr-
1) as a function of rainfall in the fire year (mm yr-1). C) Median fire-induced per-capita tree cover 
loss (fire-1) as a function of tree cover (%). D) Carrying capacity for tree cover (%) as a function of 
mean annual rainfall (mm yr-1). E) Livestock density (Tropical Livestock Units km-2) as a function 
of tree cover (%). F) Livestock density (Tropical Livestock Units km-2) as a function of mean 
annual rainfall. 
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Figure 5.2: Observations and fits of the effects of rainfall seasonality on fire probabilities across 
the tropics. A) Observed and B) fitted mean fire probability (yr-1) as a function of annual rainfall 
(mm yr-1) and tree cover (%) for average rainfall seasonality. C) Observed and D) fitted mean fire 
probability (yr-1) as a function of annual rainfall (mm yr-1) and tree cover (%) for rainfall 
seasonality one standard deviation above average. The greatest improvement in fitting the data 
in C) was obtained by adjusting the standard deviation of the Gaussian function of rainfall (also 
see Fig. 5.1B, Methods), meaning that primarily the range of annual rainfall levels at which fire 
probability is high expands with rainfall seasonality. 
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Figure 5.3: Densities of simulated tree cover (%) against A) mean annual rainfall (mm yr-1), B) 
rainfall seasonality (%) and C) observed tree cover (%). All plots show results of the same 
simulations in which the model was initialized with observed tree cover, mean annual rainfall and 
rainfall seasonality (random sample from the data of size n = 10,000). Simulations were 
performed for 1000 years. Roughly between 500‒1700 mm yr-1 rainfall (see A) and between 20‒
80% seasonality (see B), a tree cover state below carrying capacity is predicted to be possible. 
This simulated tree cover shows good agreement with observed tree cover (R2 = 0.72; see C) 
although simulations sometimes overestimate low observed tree cover. In these cases, tree cover 
goes to carrying capacity, whereas in reality, also transient values and disturbed sites are present. 
The histograms in C) show multimodal patterns of both observed and simulated tree cover, which 
indicate alternative stable states. The low density of tree cover values just below 10% in the 
simulated results is explained by the absence of effect of fire below this value (see Fig. 5.1C).  
A closer look at the results suggests that the stability of savannas depends on whether or 
not fire-spread probability is sufficiently high to allow for landscape-percolating fires. We 
find high burned area in savannas up to c. 40% tree cover, indicating that fires can readily 
percolate the landscape (Figs. A5.10, A5.11). Under average seasonality this is the case for 
rainfall ranges between c. 500‒1600 mm yr-1, which is the same range where stable fire-
maintained savannas are predicted (Figs. 5.3, A5.1). With increasing seasonality, rainfall 
ceased to be a limiting factor (either too high or too low) and savanna fire regimes became 
rainfall-independent (Figs. A5.11, A5.12). For tree cover above c. 40% we do not find an 
increase in burned area with seasonality, indicating that fires cannot percolate forests 
even with large increases in seasonality (Figs. A5.10, A5.12). 
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We find nonlinear responses of the forest to spatial disturbances: for relatively small 
disturbances the forest recovers fully, but when a critical size is exceeded, the probability 
that fire ignites anywhere within that area becomes so high that the disturbed cells no 
longer recover and the remaining forested cells are lost as well. Whether forest recovery 
occurs depends positively on average rainfall and negatively on seasonality (Fig. 5.4). 
However, there are differences between the two types of disturbance in both the critical 
disturbance level and the time it takes for forest to burn away. After 1000 years, the 
response of the forest is more gradual in the clustered case than in the random case. With 
random disturbance below a threshold of the density of fire-prone cells, recovery quickly 
occurs, whereas full dieback occurs above this threshold (Fig. 5.4). With clustered 
disturbance, we find a range of disturbance sizes after which both high and low tree cover 
patches remain present even after 1000 simulated years. After 5000 years, however, the 
remaining forested patches will have disappeared (Fig. A5.4).  
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Figure 5.4: The effects of spatial disturbances of different size and configuration for different 
rainfall conditions. A) Tree cover after 1000 years for different mean annual rainfall values (1300‒
1700 mm yr-1) at average rainfall variability, after a clustered disturbance of increasing size. The 
clustered disturbance consists of setting tree cover to 10% in a single square area from an 
otherwise fully forested lattice. At 1700 mm yr-1, the entire forest grows back even after full 
deforestation; at 1600 mm yr-1, forest also generally grows back after 1000 years; at 1500 mm yr-
1, forest recovery starts to depend on the size of the disturbance: with 30‒70% of the forest 
removed, the resulting landscape after 1000 years consists of both high and low tree cover. Above 
70% removal, no forest is present after 1000 years so a tipping point has been crossed. With 
further decreasing rainfall the critical disturbance for failure of recovery is reduced. B) Tree cover 
after 1000 years for different mean annual rainfall values (1300‒1700 mm yr-1) at average rainfall 
variability, after a random disturbance of increasing size. The random disturbance consists of 
setting tree cover to 10% in randomly assigned cells in the forested lattice. As with the clustered 
disturbance, the occurrence of forest recovery depends on rainfall. However, the response to the 
disturbances is more abrupt in the random than in the clustered case: high and low tree cover 
never coexist after 1000 years. C) Tree cover after 1000 years for different rainfall variabilities 
(0‒3 standard deviations from the average) at 1700 mm yr-1 rainfall, after a clustered disturbance 
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of increasing size. At average seasonality, forest always recovers. With increasing seasonality, 
forest recovery does not always occur, and the critical disturbance level decreases with 
seasonality. For a range of disturbance sizes, high and low tree cover coexist after 1000 years. D) 
Tree cover after 1000 years for different rainfall variabilities (0‒3 standard deviations from the 
average) at 1700 mm yr-1 rainfall, after a random disturbance of increasing size. As with the 
clustered disturbance, the occurrence of forest recovery depends on seasonality. However, the 
response to the disturbances is more abrupt in the random than in the clustered case: high and 
low tree cover never coexist after 1000 years. 
 
Discussion 
We presented the tropics-wide feedback between fire and tree cover and showed that it 
may generate bistability of forests and savannas across rainfall levels in the tropics. We 
found that the effect of rainfall variability on fire occurrence, however, varies along the 
rainfall gradient. It is known that in wet areas on the one hand, occasional dry periods 
enhance fire-prone conditions; in dry areas on the other hand, occasional wet periods 
stimulate fuel build-up for fires in dry periods (Van der Werf et al., 2008; Archibald et al., 
2009; Archibald et al., 2010; Bucini et al., 2017). However, seasonal and inter-annual 
rainfall variability affect fire regimes in different ways with contrasting implications for 
forest-savanna stability. Where a previous empirical analysis of tree cover distributions 
suggested that increased inter-annual rainfall variability decreased forest resilience in the 
wet tropics (Holmgren et al., 2013), we found that it is mostly the intra-annual seasonality 
that decreases forest resilience by promoting the savanna-stabilizing fire feedback. 
Whereas in relatively wet savannas low tree cover can be explained by frequent fires, also 
in drier savannas tree cover is often below carrying capacity (Sankaran et al., 2005). 
Carrying capacity increases steadily with mean annual rainfall until full canopies are 
observed above c. 1000 mm yr-1. In drier savannas, herbivory of young tree seedlings and 
saplings can suppress tree cover (Staver & Bond, 2014), creating a herbivory-vegetation 
feedback similar to the fire-vegetation feedback (Van Langevelde et al., 2003; Dantas et 
al., 2016). To account for herbivory we included a best estimate of the rainfall- and tree 
cover-dependent distribution of global herbivore densities using livestock densities 
(Robinson et al., 2014; Hempson et al., 2015; Archibald & Hempson, 2016). These 
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estimates suggest that herbivores could greatly suppress tree cover in all but the wettest 
savannas even in the absence of fire.  
Anthropogenic or natural disturbances may locally reduce tree cover and thereby 
increase fire (spread) probability. Moreover, the scale of a spatial disturbance may affect 
subsequent recovery (Van de Leemput et al., 2018). We therefore performed experiments 
in which we disturbed our simulated forest landscape with deforestation of increasing 
size. We differentiated between clustered disturbances, in which a deforestation of a 
single square area is imposed, and randomly distributed disturbances. We showed that 
both types of disturbance to the forest may cross a tipping point (Van Nes et al., 2016), 
meaning that the entire forested lattice burns away. However, the transition in response 
to a clustered disturbance takes longer than to a random disturbance, whereas the 
clustered disturbance requires a smaller critical disturbance size. From this follows that 
the question to which type of disturbance the forest is most resilient becomes a matter of 
time scale: although a tipping point is more easily crossed when the disturbance is more 
clustered, its slowness may provide more opportunity to respond and conserve the 
system. In either case, whether or not such a tipping point can be crossed depends on the 
average rainfall and its seasonality. 
We found that the effect of fires on tree cover clearly differs between savannas and forests. 
In savannas with tree cover between 20% and 60%, a single fire typically clears about 
20% of the present (per-capita) tree cover. When tree cover is above 60%, however, the 
effect of fires is much higher. We found that the per-capita loss of tree cover in these 
landscapes lies around 60%, or three times as high as in savannas. These numbers agree 
with mortality rates observed in the field (Hoffmann et al., 2009). Closed tree canopies 
are generally dominated by forest-tree species (Ratnam et al., 2011), which, as opposed 
to those in savannas, have not evolved in conditions with regular fires (Keeley et al., 
2011). Apart from differences between ecosystem types there are differences in fire 
ecology among continents (Lehmann et al., 2014). For example, fire frequency is relatively 
high in Africa (Giglio et al., 2013; Van Nes et al., 2018), although that may be counteracted 
by relatively low fire intensity (Dantas & Pausas, 2013) and relatively high recovery from 
disturbances in that continent (Schwalm et al., 2017). 
Although our parameterized model can help to understand the tropical fire-vegetation 
feedback and its emergent effects, a number of relevant factors remain to be explored in 
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future work. Continental differences in fire dynamics (Lehmann et al., 2014; Hantson et 
al., 2017) should be further disentangled to make the model more suitable for localized 
predictions. It could then be used to explore the joint effects of climatic and land-use 
changes on fire dynamics. We have shown that with increasing rainfall variability, fire 
sizes may increase and forests may lose their stability. Small increases in fire-spread 
probability may indeed cause sudden increases in fire size and burned area (Pueyo et al., 
2010; Archibald et al., 2012). However, in recent years, fires have become smaller due to 
land-use changes, partly because humans alter the connectivity of the landscape (Andela 
et al., 2017). Given that the configuration of fire-prone areas determines whether or not 
the landscape tips towards a closed canopy or remains open, the effects of land use 
changes could be highly non-linear.  
Our spatial model provides a framework in which these and other non-linearities, caused 
by interactions among for instance rainfall conditions, land use (Andela et al., 2017), 
herbivory (Archibald & Hempson, 2016) and CO2 fertilization (Higgins & Scheiter, 2012), 
can be studied. The model occupies a promising niche that could stimulate new insights 
in tropical fire-vegetation dynamics because it bridges a gap between observations and 
theory. On the observational side the work on tropical tree cover that indicates alternative 
stable states has so far been mostly based on static patterns instead of dynamic ones 
(Hirota et al., 2011; Staver et al., 2011b; Holmgren et al., 2013; Staal et al., 2016; Bucini et 
al., 2017; but see Wuyts et al., 2017), which hampers the inference of temporal dynamics. 
On the theoretical side, conceptual models that are aimed at capturing tree-cover patterns 
lack the empirical support for their implementation of fire-vegetation feedbacks (e.g. 
Beckage et al., 2011; Accatino & De Michele, 2013; Van Nes et al., 2014; Schertzer et al., 
2015; Staal et al., 2015; Wuyts et al., 2017) that we do provide, and/or do not account for 
the spatial character of fire-vegetation dynamics (e.g. Staver & Levin, 2012; Van Nes et al., 
2014; Staal et al., 2015; Lasslop et al., 2016; Van Nes et al., 2018). However, it is important 
to account for spatial fire dynamics, because such dynamics are essential for reflecting 
how fires affect the future probabilities and distribution of fires, which may be critical for 
the relative stability of forests and savannas (Durrett & Levin, 1994; Pueyo, 2007; 
Archibald et al., 2012; Schertzer et al., 2015). Ultimately, understanding these complex 
dynamics is necessary for predicting how the structure of tropical landscapes, with large 
implications for carbon storage and local livelihoods, may change in the future. 
5
Chapter 5 
128 
 
Appendix A5.1: Supplementary figures 
 
Figure A5.1: Hysteresis of tree cover (%) against mean annual rainfall (mm yr-1) for different 
combinations of rainfall seasonality and inter-annual variability. A‒D) Average seasonality; E‒H) 
Average plus one standard deviation of seasonality; I‒L) Average plus two standard deviations of 
seasonality; M‒P) Average plus three standard deviations of seasonality; A,E,I,M) Average inter-
annual variability; B,F,J,N) Average plus one standard deviation of inter-annual variability; 
C,G,K,O) Average plus two standard deviations of inter-annual variability; D,H,L,P) Average plus 
three standard deviations of inter-annual variability. For every 20 mm yr-1 and combination of 
seasonality and inter-annual variability, the lattice was initialized homogeneously as either 
savanna (10% tree cover; red) or forest (80% tree cover; green) and the simulation was ran for 
1000 years. To assess to what extent the inference of bistability depends on time scale and chance, 
we did an additional experiment for the conditions as in A): we replicated the experiment for each 
interval of 100 mm yr-1 rainfall 100 times and recorded whether within 1000 years a transition to 
the alternative state had occurred (i.e. mean tree cover crosses the 50% boundary). Such a 
transition did not occur once for any run between 800 and 1500 mm yr-1 (and at 1600 mm yr-1 
savanna-to-forest transitions occurred in only in 4% of the runs), giving high confidence that 
forest and savanna are really bistable despite the stochastic nature of the model.  
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Figure A5.2: Effects of choices for the parameterization of herbivory on hysteresis of tree cover. 
A) Hysteresis without spatio-temporal variability in herbivory and with the effects of fire on tree 
cover turned off. Here, herbivore pressure destabilizes all forest up to rainfall levels of about 1400 
mm yr-1. B) Including spatio-temporal variability in herbivory and with the effects of fire turned 
on. At each time step, mH was randomized for each cell in the lattice with a mean of 5.8 ∙ 10-3 yr-1 
and a coefficient of variation of 2.7. Here, high herbivore pressure destabilizes tree cover at 
carrying capacity up to rainfall levels of about 900 mm yr-1. Also, tree cover levels remain below 
10%, which is when fire frequencies are very low (Fig. 5.1A) and when fires do not affect tree 
cover (Fig. 5.1C). C) As in B), but with mH maximized at r (0.016 yr-1). This allows for stable tree 
cover at carrying capacity throughout the rainfall gradient and savanna tree cover above 10%. 
Green: tree cover initialized as forest (80%); red: tree cover initialized as savanna (10%). 
Simulations ran for 1000 years. 
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Figure A5.3: Fits of observed and simulated fire frequencies as a function of tree cover when 
rainfall is 1100 mm yr-1 and ignition rate pign = 1.2 ∙ 10-4 yr-1. At this rainfall level, fire frequencies 
peak (Fig. 5.1B) and fires spread most easily through the lattice. Thus, under these conditions fires 
are most ignition-limited, which is why we fitted ignition rate pign to obtain the highest 
correspondence between observed and simulated fire frequencies at 1100 mm yr-1. 
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Figure A5.4: Tree cover after 5000 years for different mean annual rainfall values (1300‒1700 
mm yr-1) at average rainfall variability, after a clustered disturbance of increasing size. Thus, 
conditions and disturbances are as in Fig. 5.4A, but not simulation time. In this longer simulation, 
coexistence of high and low tree cover disappeared, demonstrating that the coexistence in Figs. 
5.4A,C is transient and not stable on a long time scale. 
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Figure A5.5: Median per-capita fire-induced tree cover loss (fire-1). A) Tropics (the same as Fig. 
5.1C), with a third-degree polynomial fitted to the data as a function of tree cover (T in %): tree 
cover loss (fire-1) = max(0, ‒7.2 · 10-6 T3 ‒9.1 · 10-4 T2 + 0.037 T ‒ 0.27). B) South America, with a 
third-degree polynomial fitted to the data as a function of tree cover (T in %): tree cover loss (fire-
1) = max(0, 1.1 · 10-5 T3 ‒0.0015 T2 + 0.064 T ‒ 0.66). C) Africa, with a third-degree polynomial 
fitted to the data as a function of tree cover (T in %): tree cover loss (fire-1) = max(0, 6.9 · 10-6 T3 
‒9.4 · 10-4 T2 + 0.042 T ‒ 0.37). D) Australia & Asia, with a second-degree polynomial fitted to the 
data as a function of tree cover (T in %): tree cover loss (fire-1) = max(0, ‒2.7 · 10-4 T2 + 0.022 T + 
0.014). 
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Figure A5.6: Median per-capita tree cover loss in locations that had not burned during the study 
period. The methodology is the same as for Fig. A5.5, with the only difference that unburned 
locations were used here (i.e. per-capita tree cover differences over a two-year period are given). 
Given that the patterns of Fig. A5.5 are absent here, they can be assumed to be caused by fires. A) 
Tropics. B) South America. C) Africa. D) Australia & Asia. 
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Figure A5.7: Observations of fire probabilities (yr-1) as a function of annual rainfall (mm yr-1) and 
tree cover (%) across the tropics and for the different continents. A) Tropics. B) South America. 
C) Africa. D) Australia & Asia. 
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Figure A5.8: Fits and extrapolations of the effects of rainfall seasonality on fire probabilities as a 
function of annual rainfall (mm yr-1) and tree cover (%) across the tropics. A) Fit of fire frequencies 
at average seasonality (same as Fig. 5.2B). B) Fit of fire frequencies at seasonality one standard 
deviation above the average (same as Fig. 5.2D). C) Extrapolation of fire frequencies for 
seasonality two standard deviations above the average. D) Extrapolation of fire frequencies for 
seasonality three standard deviations above the average. For C) and D) the coefficient of variation 
for parameter p7 in the fit was used to estimate fire frequencies at the respective seasonality levels 
(see Methods). 
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Figure A5.9: Fits and extrapolations of the effects of inter-annual rainfall variability on fire 
probabilities as a function of annual rainfall (mm yr-1) and tree cover (%) across the tropics. A) Fit 
of fire frequencies at average inter-annual variability. B) Fit of fire frequencies at inter-annual 
variability one standard deviation above the average. C) Extrapolation of fire frequencies for inter-
annual variability two standard deviations above the average. D) Extrapolation of fire frequencies 
for inter-annual variability three standard deviations above the average. For C) and D) the 
coefficient of variation for parameter p1 in the fit was used to estimate fire frequencies at the 
respective inter-annual rainfall variability levels (see Methods). 
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Figure A5.10: Burned area (% yr-1) as a function of tree cover and rainfall seasonality. Tree cover 
was kept constant and homogeneous throughout the lattice. At each tree cover value, each data 
point represents a run with rainfall set to [100:100:2000] mm yr-1. A) Average rainfall seasonality. 
B) Rainfall seasonality one standard deviation above average. C) Rainfall seasonality two standard 
deviations above average. D) Rainfall seasonality three standard deviations above average. 
Burned area is high in savannas and low in forests. 
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Figure A5.11: Burned area (% yr-1) as a function of average rainfall and its seasonality. At each 
rainfall value, each data point represents a run with constant and homogeneous tree cover set to 
[5:5:85] %. A) Average rainfall seasonality. B) Rainfall seasonality one standard deviation above 
average. C) Rainfall seasonality two standard deviations above average. D) Rainfall seasonality 
three standard deviations above average. Burned area is high for intermediate rainfall levels and 
low for either low or high rainfall levels. However, this difference declines with increasing 
seasonality. 
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Figure A5.12: Burned area (% yr-1) as functions of A) tree cover (%) and B) rainfall (mm yr-1) for 
different levels of seasonality. The lines are the same as the fits in Figs. A5.10 and A5.11. As can be 
seen in A), especially at low tree cover values, rainfall seasonality increases burned area. This is 
due to increased burned area at low and high rainfall values, as can be seen in B). Thus, although 
savannas and forests remain to have different fire regimes even under very high seasonality levels, 
the dependency of fire regime on annual rainfall levels disappears.
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Abstract 
Tree transpiration in the Amazon may support forests downwind by enhancing rainfall. 
So far, it remained unclear how this cascading effect plays out across the basin to stabilize 
the Amazon forest. Here we calculate local forest transpiration and the subsequent 
trajectories of transpired water through the atmosphere in high spatial and temporal 
detail. We estimate that one-third of Amazon rainfall originates within its own basin, of 
which two-thirds has been transpired. Our calculations reveal that forests in the southern 
half of the basin contribute most to the stability of other forests, whereas forests in the 
south-western Amazon are particularly dependent on water subsidies. We show how 
forest-rainfall cascades contribute to buffering the effects of droughts and how 
deforestation may compromise resilience of the Amazon forest system in the face of 
future climatic extremes.  
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Introduction 
The Amazon rainforest and its wet climate are mutually dependent (Aragão, 2012; 
Spracklen et al., 2012; Zemp et al., 2017a). Although their interactions have been a topic 
of study for decades (Nobre et al., 1991; Costa & Foley, 1997; Oyama & Nobre, 2003; 
Sampaio et al., 2007; Malhi et al., 2008; Costa & Pires, 2010; Davidson et al., 2012; 
Spracklen et al., 2012; Bagley et al., 2014; Nobre et al., 2016), we still lack a deep 
understanding of the positive effects between forests and rainfall across the Amazon 
basin. Forests access groundwater in deep soil layers and release it to the atmosphere by 
transpiration (Nepstad et al., 1994; Aragão, 2012). This transpired moisture can 
precipitate and evapotranspire repeatedly over forests (Eltahir & Bras, 1994; Zemp et al., 
2014), promoting forest growth in a cascading way. The significance of such cascades is 
poorly understood due to uncertainties regarding the contribution of tree transpiration 
to total evapotranspiration, the atmospheric path of this transpiration to rainfall, the 
number of re-evapotranspiration cycles that water goes through, and the effect of the 
resulting rainfall increase on local forest stability (Nobre et al., 2016; Fisher et al., 2017; 
Zemp et al., 2017a). Also, the temporal variability of the forest’s self-stabilizing 
mechanism is poorly understood (Nobre et al., 2016). In the wet tropics including the 
Amazon, tree cover declines at higher seasonal and inter-annual rainfall variability 
(Holmgren et al., 2013). In order to understand the effects of extreme weather events and 
deforestation, a quantitative and temporally explicit assessment of the forest-rainfall 
cascades (Nepstad et al., 2008; Malhi et al., 2009) is needed (Nobre et al., 2016). We can 
now track moisture flows quantitatively using empirically derived atmospheric wind 
patterns, evapotranspiration, and rainfall (Van der Ent et al., 2010; Spracklen et al., 2012). 
Also, complex models are being improved that can quantify the contribution of vegetation 
to evapotranspiration on increasingly high spatial and temporal resolutions (Van Beek et 
al., 2011). Finally, remote sensing now provides tools to quantify forest resilience (Hirota 
et al., 2011; Staal et al., 2016; Verbesselt et al., 2016; Xu et al., 2016). Here we capitalize 
on those technological advances to provide an empirically derived quantification of the 
spatial and temporal interactions between rainfall and tree cover in tropical South 
America, focusing on the Amazon basin (Methods). We use a Lagrangian moisture 
tracking algorithm (Dirmeyer & Brubaker, 1999, 2007; Tuinenburg et al., 2012) that 
calculates atmospheric water flows in time steps of 0.25 hours. We use output on a 0.25° 
grid (c. 25×25 km) and monthly basis for 2003–2014. We account for multiple re-
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evapotranspiration cycles of this moisture (Zemp et al., 2014) and use a large-scale 
hydrological model to calculate the evapotranspiration change from potential tree-cover 
loss for each month (Van Beek et al., 2011; Bosmans et al., 2017). Combined, these 
calculations allow us to estimate the contribution of tree cover to rainfall and related 
forest resilience in downwind areas. As tree transpiration is a source of atmospheric 
moisture that can be maintained in periods when rainfall is absent (Von Randow et al., 
2004) we focus on the role of transpiration-induced rainfall.  
 
Results and Discussion 
We find that trees within the Amazon have transpired 20% of all rainfall in the basin at 
least once (Fig. 6.1). We call this contribution of trees to rainfall the “transpiration 
recycling ratio”. Half of this transpiration recycling occurs in a direct way, in which 
moisture falls back as rainfall after it had last entered the atmosphere through 
transpiration; the other half is composed of cascading transpiration recycling (see 
Methods) in which transpiration-induced rainfall has gone through an additional 
evapotranspiration-rainfall cycle at least once (Figs. 6.1, A6.10). Considering all 
evapotranspiration (including transpiration), we find that 32% of Amazonian rainfall 
originates from the basin, in good agreement with ten previous estimates based on 
different methodologies and datasets (24‒41% with median 28%; also see Methods and 
Zemp et al. (2014) including references therein). Combining this evapotranspiration 
recycling with our transpiration recycling estimates, we find that 64% of all regionally 
recycled water has travelled through the pores of leaves of trees in the Amazon. The 
cascading contribution of transpiration to rainfall entails that its effects can be remote 
and, because a single transpired water molecule can undergo multiple re-
evapotranspiration and rainfall cycles, could be larger than the transpired amount of 
water itself. We estimate largest transpiration from the north-eastern, southern and 
south-western parts of the Amazon basin (Figs. 6.2A, A6.4) in agreement with other global 
transpiration estimates (Wang-Erlandsson et al., 2014; Miralles et al., 2016). Loss of tree 
cover in these regions would thus result in the largest loss of moisture for the basin. The 
small transpiration flux in the north-western Amazon is striking, but could be explained 
by the high moisture interception by the forest canopy (Miralles et al., 2010; Wang-
Erlandsson et al., 2014) and lack of a pronounced dry season (Fig. A6.3). In addition, this 
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region has relatively low estimated potential evapotranspiration (not shown). Across the 
Amazon, we find little spatial difference in the distances that transpired molecules travel 
before raining out again, with a median of ~600 km (Fig. 6.2B). This short distance, 
relative to the size of the Amazon, implies that a large part of Amazonian transpiration 
rains out over the basin itself: 46% of transpiration directly rains out over the Amazon, 
the same order of magnitude as a previous estimate based on a different methodological 
approach (Van der Ent et al., 2014).  We find that if cascading recycling of that water is 
included, this ratio reaches 77%. The large transpiration fluxes in the Amazon (Fig. 6.2A) 
enhance rainfall over vast areas outside the basin as well (Fig. 6.2C).  
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Figure 6.2:  A) Mean annual transpiration by trees (mm yr-1) that precipitates over land; B) 
Median geographic distance (km) of transpired water before precipitating again over land. 
Distances are indicated at the source locations. C) Fraction of mean annual rainfall that has been 
transpired by trees in the Amazon basin, which is outlined in all subfigures.  
We find temporal variations in the effect of trees on rainfall. The seasonal variability in 
tree-transpired rainfall is characterized by a peak during September‒November, when 
large parts of the Amazon are at the end of the dry season, with up to 70% of regional 
rainfall being a result of tree transpiration (Figs. 6.3A‒F, A6.7; see Figs. A6.5 and A6.6 for 
Amazon-wide monthly recycling). This large contribution of recycled moisture during the 
dry season means that seasonal droughts are moderated by forests. Forests also buffer 
against inter-annual droughts, as reflected by the negative correlation between 
transpiration recycling ratio and the amount of moisture that enters the Amazon basin (r2 
= 0.66; Fig. 6.1B). Indeed, we find the highest transpiration recycling ratio (27%) for 2005 
(Figs. 6.1B, A6.5, A6.8) during a severe drought (Zeng et al., 2008). This increased 
contribution of tree transpiration to rainfall could explain a previous report of relatively 
high moisture recycling in 2005 (Satyamurty et al., 2013). Curiously, the contribution of 
tree transpiration to rainfall during the 2010 drought was lower, when the transpiration 
recycling ratio remained around the multi-year average level (21%; Fig. 6.1B). This could 
be explained by differences in incoming oceanic moisture. Despite the fact that large areas 
were affected by drought in 2010 (Lewis et al., 2011), we find that the total amount of 
oceanic moisture entering the Amazon was average (Figs. 6.1B, A6.9). This average 
moisture inflow in 2010 explains its lower transpiration recycling ratio compared to the 
drought of 2005, when rainfall from oceanic origin was on average 100 mm yr-1 lower 
than in 2010 (Fig. 6.1). The consistent buffering of droughts by transpiration means that 
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the forest-rainfall cascades are at their strongest during dry periods. This is particularly 
relevant because both seasonal (Staver et al., 2011b; Staal et al., 2016) and inter-annual 
rainfall variability (Holmgren et al., 2013) affect forest resilience in the wet tropics. 
Our analysis shows that the south-western Amazon is a pronounced sink area not just for 
continental moisture recycling (Eltahir & Bras, 1994; Burde et al., 2006; Van der Ent et al., 
2010), but for tree-transpired moisture in particular. This region has not only been the 
driest one during 2003‒2014 (Fig. A6.3), but is also most dependent on locally transpired 
water (Fig. 6.3G). These results already suggest that land-cover changes in the south-
western Amazon would considerably increase its vulnerability to drought, but several 
additional lines of evidence also indicate that forests in this region are sensitive. It has 
been shown that in the southern Amazon, the onset of the wet season depends on the 
presence of the forest (Wright et al., 2017). In the western Amazon, the regional-scale 
level of photosynthetic activity requires multiple years to recover from extreme drought 
(Maeda et al., 2015). This is also a region where extensive floodplain forests are 
particularly vulnerable to fire, because they regenerate slowly or even remain under 
arrested succession once burnt (Flores et al., 2017). Because fire occurrence in the 
Amazon increases exponentially with dry-season rainfall deficit (Aragão et al., 2008), the 
drought-buffering capacity of the forest could greatly reduce the risk of such fires. To 
explore this effect, we calculated how the Mean Annual Water Deficit (MAWD; see 
Methods) would change in the absence of forest-rainfall cascades. We find that the MAWD 
in the south-western Amazon would increase from 196 mm to 380 mm, suggesting that 
forest-rainfall cascades are indeed a major suppressor of forest fires in the south-western 
Amazon and may thus sustain a large portion of its tree cover (Pires & Costa, 2013; Zemp 
et al., 2017a). 
  
Forest-rainfall cascades in the Amazon 
149 
 
 
 
  
F
ig
u
re
 6
.3
: 
T
h
e 
ef
fe
ct
 o
f 
A
m
az
o
n
ia
n
 t
re
e 
tr
an
sp
ir
at
io
n
 o
n
 r
ai
n
fa
ll
 i
n
 e
ac
h
 o
f 
th
e 
su
b
re
gi
o
n
s 
o
f 
th
e 
A
m
az
o
n
 b
as
in
. A
‒
F
) 
T
h
e 
fr
ac
ti
o
n
 o
f 
m
o
n
th
ly
 
ra
in
fa
ll
 in
 e
ac
h
 o
f 
th
e 
si
x 
su
b
re
gi
o
n
s 
th
at
 h
as
 t
ra
n
sp
ir
ed
 f
ro
m
 t
re
es
 in
 t
h
e 
A
m
az
o
n
. B
la
ck
: m
o
n
th
ly
 m
ea
n
s 
fo
r 
2
0
0
3
‒
2
0
1
4
; g
re
y
: m
ea
n
 ±
 1
 s
ta
n
d
ar
d
 
d
ev
ia
ti
o
n
; 
re
d
: 
2
0
0
5
; 
b
lu
e:
 2
0
1
0
. G
) 
T
h
e 
si
x 
su
b
re
gi
o
n
s 
(T
er
 S
te
eg
e 
et
 a
l.,
 2
0
1
3
) 
ar
e 
sh
o
w
n
 w
it
h
 t
h
ei
r 
m
ea
n
 a
n
n
u
al
 r
ai
n
fa
ll
 i
n
 m
m
 t
h
at
 h
as
 b
ee
n
 
tr
an
sp
ir
ed
 b
y 
tr
ee
s 
w
it
h
in
 t
h
e 
sa
m
e 
su
b
re
gi
o
n
 (
n
u
m
b
er
s 
w
it
h
in
 a
rr
o
w
s)
. N
W
 =
 N
o
rt
h
-W
es
t 
A
m
az
o
n
; G
S 
=
 G
u
y
an
a 
Sh
ie
ld
; E
A
 =
 E
as
t 
A
m
az
o
n
; S
W
 =
 
So
u
th
-W
es
t 
A
m
az
o
n
; 
C
A
 =
 C
en
tr
al
 A
m
az
o
n
; 
SA
 =
 S
o
u
th
 A
m
az
o
n
. 
T
h
e 
b
ac
k
gr
o
u
n
d
 c
o
lo
r 
sh
o
w
s 
la
n
d
sc
ap
e 
el
ev
at
io
n
. 
T
h
es
e 
re
su
lt
s 
sh
o
w
 a
 c
le
ar
 
se
as
o
n
al
 p
at
te
rn
 i
n
 t
h
e 
co
n
tr
ib
u
ti
o
n
 o
f 
tr
ee
 t
ra
n
sp
ir
at
io
n
 t
o
 r
ai
n
fa
ll
, w
h
ic
h
 b
ec
o
m
es
 la
rg
er
 t
o
w
ar
d
s 
th
e 
w
es
t.
 L
ar
ge
r 
va
lu
es
 i
n
 F
ig
. G
 i
m
p
ly
 a
 la
rg
er
 
fe
ed
b
ac
k
 o
f 
fo
re
st
 d
is
tu
rb
an
ce
s 
su
ch
 a
s 
fi
re
s 
to
 f
o
re
st
s 
w
it
h
in
 t
h
e 
sa
m
e 
re
gi
o
n
. 
6
Chapter 6 
150 
 
An issue of particular concern is the possibility that parts of the Amazon forest may 
undergo tipping points to a savanna state (Lenton et al., 2008; Nepstad et al., 2008; Malhi 
et al., 2009; Nobre & Borma, 2009; Pires & Costa, 2013). Empirical relationships between 
tree cover and rainfall (Hirota et al., 2011; Staver et al., 2011b) indicate that in South 
America, forest and savanna can be alternative stable states below 2000 mm mean annual 
rainfall (Fig. 6.4). Independent evidence also indicates that below 2000 mm rainfall, 
tropical forests may not maintain photosynthesis year-round (Guan et al., 2015) and 
recover more slowly from perturbations when rainfall decreases (Verbesselt et al., 2016). 
This makes these forests vulnerable to die back, after which a fire-maintained savanna 
state may establish (Staver et al., 2011b). The strong dependence of tropical forest 
resilience to rainfall has also been reported for South American secondary forests 
(Poorter et al., 2016). We therefore used mean annual rainfall to quantify forest resilience 
following Hirota et al. (2011) and find that resilience of the south-western Amazon forest 
strongly depends on forest-rainfall cascades (Fig. 6.4D,G; also see Pires & Costa, 2013; 
Zemp et al., 2017b). Thus, it is important to understand how climate change and 
deforestation alter transpiration and wind patterns (Khanna et al., 2017), as 
consequences for the south-western Amazon may be large. Forests in the northern part 
of the basin are also relatively dependent on forest-rainfall cascades but this dependency 
is spatially less extensive than in the south-west (Fig. 6.4G).  
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Having determined how rainfall changes would affect forest resilience in each 0.25° cell 
we weighted all transpiration fluxes by their effect on resilience across the Amazon 
(Methods). We then aggregated these positive effects of transpiration on resilience and 
ranked all 0.25° cells accordingly. In line with results from a recent modelling study (Zemp 
et al., 2017b) we found a marked north-south gradient in the contribution of tree 
transpiration to forest resilience (Fig. 6.5). This can be explained by the relatively large 
prevalence of dry conditions (low mean annual rainfall and a longer dry season, between 
June‒September) towards the south (Fig. A6.3), which increases tree transpiration (Fig. 
6.2A) and the contribution of transpired water to rainfall (Fig. A6.7), and decreases forest 
resilience (Hirota et al., 2011). Furthermore, in the dry season the dominant wind pattern 
in the southern Amazon is westward rather than southward (Zemp et al., 2014), 
enhancing transpired moisture retention in the basin compared to the wet season 
(December‒March).  
 
Figure 6.5: All 0.25° cells in the Amazon basin ranked by their contribution to Amazonian forest 
resilience through tree transpiration. Blue indicates a high contribution and yellow indicates a 
low contribution. This contribution depends on the transpiration from trees in the source, the sink 
areas to which this transpired water flows, and the rainfall regime and tree cover in these sink 
areas. Hence, this ranking should be interpreted as a ranking of areas regarding the contribution 
of their trees to Amazon forest-rainfall cascades. 
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The importance of southern Amazon forests as a source of moisture coincides with their 
risk of being deforested. Historically, deforestation has been concentrated in the south of 
the basin. Indeed, we find that if 21st-century deforestation had not occurred, the 
transpiration recycling ratio would have been 24% instead of 20%. For a business-as-
usual deforestation scenario (Fig. A6.12), the estimated transpiration recycling ratio is 
predicted to drop to 16% by 2050 (assuming rainfall and atmospheric patterns of 2003‒
2014; see Methods). Our results imply that neglecting forest-rainfall cascades would 
result in substantial underestimation of the ecosystem services delivered by the Amazon 
rainforest. 
 
Methods 
Study region and period 
We performed simulations for the entire tropical South America (13°N‒35°S). Thus, 
moisture that leaves the Amazon basin through the atmosphere and subsequently re-
enters it is accounted for in the results. Our definition of the Amazon basin includes the 
Guyana Shield, following Ter Steege et al. (2013). We divided the basin into six subregions 
for Fig. 6.3 also following Ter Steege et al. (2013), who adapted the division by Fittkau 
(1969) and Quesada et al. (2011) based on soil distributions in the Amazon. Our study 
period covers 2003‒2014 and we present out put on 0.25° resolution (c. 25×25 km). 
Quantifying tree transpiration 
We performed spatially and temporally explicit calculations of the contribution of tree 
cover to evapotranspiration (ET). Thus, transpiration from all types of tree cover 
including savannas are involved in these estimates of tree transpiration. For our 
calculations we applied the PCRaster Global Water Balance hydrological model (PCR-
GLOBWB) at 0.5° resolution. PCRGLOBWB is a hydrological and water resources model 
that computes vertical water balance in two soil layers (the upper one being max 30 cm 
and the lower one max 120 cm) and a groundwater layer. Water can be stored in the 
canopy, snow, soil, rivers, lakes, and groundwater. Sub-grid variability is taken into 
account by including soil type distribution (FAO Digital Soil Map of the World), the 
fractional area of saturated soil (Hagemann & Gates, 2003) and the spatio-temporal 
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distribution of groundwater depth based on the groundwater storage and the surface 
elevations. More detailed model descriptions can be found in Wada et al. (2014) and 
Bosmans et al. (2017). We differ with those papers by taking into account transpiration 
from only natural tree cover, which are the “natural vegetation” land cover types with a 
forest fraction in the Global Land Cover Characterization (GLCC) dataset (Hagemann et 
al., 1999).  
We forced the model with WATCH-Forcing-Data-ERA-Interim temperature, precipitation 
and reference potential ET. Reference potential ET was computed using the FAO Penman-
Monteith equation (Allen et al., 1998). In some cells in months with very little 
evapotranspiration, tree transpiration in PCR-GLOBWB could be greater than ET in the 
GLDAS dataset used for atmospheric moisture tracking (see below). In those cases we set 
tree transpiration at ET. 
For each simulated year we excluded the cumulative deforestation up to the year before. 
For this we aggregated the annual reported deforestation in the PRODES dataset provided 
by the Brazilian government (downloadable from 
http://www.dpi.inpe.br/prodesdigital/prodes.php). For each 0.25° cell we calculated the 
fractional cumulative deforestation and subtracted that from the fractional tree-cover 
area in the land cover distribution dataset in PCR-GLOBWB (Bosmans et al., 2017). 
The output of the model is on a monthly level, so in our calculations we assumed the 
fraction of ET that was transpired by trees remains the same for one month at a time. In 
the model output, tree transpiration in the Amazon is on average 45 mm month-1 (Fig. 
A6.1). In line with observations (Von Randow et al., 2004; Araújo et al., 2016), this flux 
decreases with increasing monthly rainfall values, because rainfall is negatively 
correlated to incoming radiation and because canopy interception evaporation increases 
with rainfall. Total evapotranspiration from closed canopies depends only weakly on 
rainfall though (Fig. A6.1). This supports our implicit assumption that if rainfall decreases 
due to upwind tree-cover loss, the partitioning of rainfall over evapotranspiration, runoff 
and water storage remains equal.  
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Atmospheric moisture tracking scheme 
To estimate the atmospheric transport of transpired water we used a water trajectory 
model (Dirmeyer & Brubaker, 1999, 2007; Tuinenburg et al., 2012) that tracks parcels of 
moisture which are released on random locations within each 0.25° cell and at every 0.25 
simulated hours for the period 2003‒2014. Thus, this part of the calculation runs on a 
higher temporal and spatial resolution than the output of the PCR-GLOBWB hydrological 
model. This means that we had to assume that the fraction of evapotranspiration that was 
transpired by trees is the same within blocks of 2×2 cells of 0.25° for each month. The 
atmospheric moisture tracking method assumes that evapotranspired water vapor is 
distributed over the vertical water column in the same way as the already present water 
vapor. Hence, a given water molecule is assigned a random starting height scaled with the 
humidity profile. The trajectories in time and space of these molecules are then forced by 
the three-dimensional ERA-Interim reanalysis estimates of wind speed and direction with 
a resolution of 0.75° and 6 hours, but linearly interpolated so that the locations of parcels 
are updated at every time step of 0.25 hours. We assume that at every time step each 
water molecule in the atmospheric column has equal probability of raining out. For these 
atmospheric fields, we used data between 1000 and 500 hPa with a vertical resolution of 
50 hPa. The amount of rainfall A (mm) at a given location x,y and time step t that has 
evapotranspired from any source location in any cell is given by Tuinenburg et al. (2012): 
𝐴𝑥,𝑦,𝑡 = 𝑃𝑥,𝑦,𝑡
𝑊𝑝𝑎𝑟𝑐𝑒𝑙,𝑡𝐸𝑠𝑜𝑢𝑟𝑐𝑒,𝑡
𝑇𝑃𝑊𝑥,𝑦,𝑡
        (eq. 6.1) 
where P is rainfall in mm, Wparcel the amount of water in the tracked parcel in mm, Esource 
[-] the fraction of water in the parcel that evapotranspired from the source, and TPW is 
total precipitable water in the atmospheric water column in mm. At every time step the 
amount of water in the parcel is updated based on evapotranspiration ET into the parcel 
and rainfall P out of it: 
𝑊𝑝𝑎𝑟𝑐𝑒𝑙,𝑡 = 𝑊𝑝𝑎𝑟𝑐𝑒𝑙,𝑡−1 + (𝐸𝑇𝑥,𝑦,𝑡 − 𝑃𝑥,𝑦,𝑡)
𝑊𝑝𝑎𝑟𝑐𝑒𝑙,𝑡−1
𝑇𝑃𝑊𝑥,𝑦,𝑡
    (eq. 6.2) 
The fraction of water in the parcel that has evapotranspired from the source is then 
updated as: 
𝐸𝑠𝑜𝑢𝑟𝑐𝑒,𝑡 =
𝐸𝑠𝑜𝑢𝑟𝑐𝑒,𝑡−1𝑊𝑝𝑎𝑟𝑐𝑒𝑙,𝑡−1−𝐴𝑥,𝑦,𝑡
𝑊𝑝𝑎𝑟𝑐𝑒𝑙,𝑡
       (eq. 6.3) 
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Thus, the amount of water that was tracked from the source decreases with precipitation 
along its trajectory and parcels were followed until either less than 5% of its original 
amount was left in the atmosphere, the tracking time was more than 30 days, or it leaves 
the study domain of 81.5°W‒34°W, 13°N‒35°S. Three-hourly evapotranspiration and 
rainfall estimates for each 0.25° cell were taken from the GLDAS2 dataset (GLDAS Noah 
Land Surface Model, L4, 3 hourly, 0.25×0.25°, V2.0). Over all land points, this 
evapotranspiration is linearly interpolated to every 0.25 hour time step. Over water 
bodies, there is no GLDAS estimate of evaporation, so the moisture tracking scheme uses 
six-hourly ERA-Interim evaporation at 0.75×0.75°, which is also linearly interpolated to 
every 0.25 hour time step. To be able to obtain the contribution to rainfall of evaporation 
from the ocean, we performed the simulation back in time so that rainfall from the sink 
was tracked back to the source. The moisture flow mij in mm linking evapotranspiration 
in cell i to rainfall in cell j where [𝑥, 𝑦] 𝜖 𝑗 over the course of a given month becomes: 
𝑚𝑖𝑗 = ∑ 𝐴𝑗,𝑡
𝑚𝑜𝑛𝑡ℎ
𝑡=0 ∙
𝐸𝑇𝑖,𝑡
𝑊𝑖,𝑡
        (eq. 6.4) 
where ETi,t is the evapotranspiration in mm, and Wi,t the tracked amount of water, from 
source cell i at time step t. We performed these simulations for each month in the period 
2003–2014; for each of these months we thus obtained a dataset of moisture flows 
between each pair of 0.25° cells in the study domain. 
We further assumed that when evapotranspiration changes, the partitioning of this water 
over its sink regions is unchanged. This means that we assumed that changes in forest 
structure do not affect the large-scale wind patterns that are relevant for moisture 
recycling, although the spatial pattern of deforestation affects rainfall on local to regional 
scales (Lawrence & Vandecar, 2015; Khanna et al., 2017) and reduced transpiration could 
suppress oceanic moisture inflow through a reduction of latent-heat releasing moisture 
condensation in the atmosphere (Boers et al., 2017). 
Transpiration recycling 
The monthly contribution of transpiration T from cell i in a source area of interest, 𝛺, to 
rainfall P in sink cell j after zero re-evapotranspiration cycles is: 
𝜌𝛺,𝑗 = ∑
𝑚𝑖𝑗∙
𝑇𝑖
𝐸𝑇𝑖
𝑃𝑗
𝑖 ∈ 𝛺    if re-evapotranspiration cycle = 0   (eq. 6.5) 
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where ρ𝛺,j is the fraction of rainfall in j transpired from trees in source area 𝛺; mi,j is the 
moisture flow  (mm month-1) from cell i to cell j; Ti is the tree transpiration in cell i (mm 
month-1), ETi is the total evapotranspiration from cell i (mm month-1), and Pj is the rainfall 
in cell j (mm month-1). Our calculation of the contribution to rainfall by tree transpiration 
after n re-evapotranspiration cycles (transpiration recycling) is based on a previous study 
on “cascading moisture recycling” (Zemp et al., 2014): 
𝜌𝛺,𝑗
(𝑛)
=  
∑ 𝑚𝑖𝑗∙ 𝜌𝛺,𝑖
(𝑛−1)
𝑃𝑗
  if re-evapotranspiration cycle > 0   (eq. 6.6) 
A molecule of water can be transpired multiple times during its course over the continent. 
Summing all contributions of tree transpiration to rainfall in a given location could cause 
this contribution to become larger than the rainfall that directly originates from land. 
Therefore, we truncated the maximum contribution of transpiration to total monthly 
rainfall after n re-evapotranspiration cycles at the fraction of rainfall directly 
evapotranspired from land as follows: 
𝜌𝛺,𝑗
(𝑛)
=  min [𝜌𝛺,𝑗
(𝑛)
, (1 − 𝜌𝑜𝑐𝑒𝑎𝑛,𝑗
(0) − ∑ 𝜌𝛺,𝑗
(𝑘)𝑛−1
𝑘=0 )]     (eq. 6.7) 
After six re-evapotranspiration cycles the contribution of tree transpiration had 
decreased to practically zero, but we performed a seventh round as well. All results that 
we show include the direct effect of tree-cover transpiration and those seven re-
evapotranspiration cycles. 
 
Sensitivity analyses and validations 
The main assumptions of the moisture tracking scheme are (1) that the altitude at which 
evapotranspiration is released into the atmospheric column scales with the humidity 
profile, (2) ignoring sub-grid wind speed variability (for example due to convection; 
Freitas et al., 2000) and (3) that there is equal chance of raining out for moisture at all 
altitudes in the atmospheric column. Here, we present an analysis of the sensitivity of 
moisture recycling to these assumptions for which we did some additional forward 
moisture tracking simulations.  
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In the “low_release” simulation, the moisture is released 50 hPa (about 500 m) above the 
land surface. In the “conv_transport” simulation, we use the (three-dimensional) ERA-
Interim convective up- and downdrafts to stochastically displace the moisture particles 
vertically during the tracking. During every time step of the transport, a random number 
between 0‒1 is picked. If this number is smaller than the ratio between the updraft mass 
flux (Mupdraft in kg h-1 m-2) over the time period dt and the mass of the atmospheric layer 
in the 50 hPa above the parcel (Mlayer in kg m-2), 
𝑀𝑢𝑝𝑑𝑟𝑎𝑓𝑡  𝑑𝑡
𝑀𝑙𝑎𝑦𝑒𝑟
, then the particle is displaced 
50 hPa upward. This 50 hPa thickness of the layer is chosen because the forcing data of 
mass fluxes of the updrafts and downdrafts is used at the same 50 hPa vertical resolution 
as the other atmospheric variables. At every time step this procedure is repeated 
independently for downdrafts. 
In the “moisture_rainout” and “condensation_rainout” simulations, the precipitation of 
moisture during the trajectory is not assumed to be independent of the altitude of the 
parcel, but is weighted with the local humidity profile and the local precipitation 
generation profile. The local precipitation generation profile is derived from the local 
precipitation flux profile, for which the data are used at the same vertical 50 hPa 
resolution as the wind fields. For each of these levels, the precipitation flux at 50 hPa 
below this level is subtracted to determine the precipitation generation between these 
levels. 
These sensitivity tests simulate the evapotranspiration from the six Amazonian 
subregions (Fig. 6.3G) for 2003–2014. Table A6.1 presents for these six subregions the 
difference in annual mean rainfall that originates from evapotranspiration in the same 
region relative to the “standard” run. The altitude at which the moisture parcels are 
released has the largest influence on moisture recycling. When the parcels are released 
close to the land surface (“low_release” simulation), they stay closer to their source 
location (i.e. where evapotranspiration occurred) and moisture recycling within the 
region increases substantially, except for the south-western Amazon, where recycling 
decreases. 
Including the convective mass fluxes during transport decreases moisture recycling, as 
some parcels will be transported higher up in the atmosphere, where wind speeds are 
typically higher and further away from the source location. As shown by Freitas et al. 
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(2000), including these convective movements in the transport can have large moisture 
recycling effects on individual days. However, the effect during the total period 
considered in this study is smaller than that of the release height. Modifying the rainout 
assumptions as in the “moisture_rainout” and “condensation_rainout” simulations causes 
a slight increase in moisture recycling. 
Compared to the “standard” simulation, the sensitivity experiments typically show larger 
moisture recycling, especially in regions with large vertical variability in wind directions, 
as also found by Van der Ent et al. (2013). Given the results of these moisture-tracking 
sensitivity experiments, the moisture recycling rates in this study might be conservative. 
There are no independent datasets on which to validate our estimates of monthly tree 
transpiration. However, there are estimates of total evapotranspiration. In order to 
approach a validation of our transpiration estimates for the Amazon, we relate the 
monthly evapotranspiration from our model PCR-GLOBWB to synthesized observation-
based and model-based estimates of evapotranspiration in months with relatively high 
contributions of transpiration to evapotranspiration. We therefore related the datasets 
for dry months (i.e. with rainfall below 100 mm) as well as for months where PCR-
GLOBWB estimates that tree transpiration comprises at least 50% of total 
evapotranspiration. We used LandFlux-EVAL merged synthesis products for the period 
1989‒2005 (Mueller et al., 2013). The “diagnostic” dataset merges five observation-based 
(mainly from satellites) global datasets for evapotranspiration and the “LSM” dataset 
merges estimates from five land surface models. Their spatial resolution is 1°, so we 
averaged all four 0.5° monthly estimates from PCR-GLOBWB in each 1° cell. PCR-GLOBWB 
runs are available for the total period that the LandFlux-EVAL data span. The results are 
shown in Fig. A6.2. Our estimates of evapotranspiration correspond well with each of the 
four subsets, given that the r2 values of the linear regressions all lie between 0.21 and 
0.35. 
We tested the sensitivity of transpiration recycling to different estimates for the 
transpiration fluxes: for this we simulated transpiration recycling assuming that 
transpiration would consistently be ‒25%, ‒10%, +10% and +25% relative to our 
calculations. Our results were shown to be robust against these changes: in the rather 
extreme cases that transpiration would in reality be 25% smaller or greater than our 
estimates, the transpiration recycling ratios would be 16% or 24% (Fig. A6.5). More 
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realistic deviations of 10% from our estimates result in transpiration recycling ratios of 
18% and 22%. 
A number of previous studies estimated the evapotranspiration recycling ratio for the 
Amazon. This ratio does not account for transpiration specifically, but does provide 
possibilities to compare our estimates of recycling to those in the literature. Our estimated 
evapotranspiration recycling ratio for the Amazon basin is 32%, which is within the range 
reported by earlier studies. Reported estimates range from 24% to 41% (Brubaker et al., 
1993; Burde et al., 2006; Zemp et al., 2014), with most being within the range 25‒35% 
(Eltahir & Bras, 1994; Costa & Foley, 1999; Trenberth, 1999; Bosilovich & Chern, 2006; 
Burde et al., 2006; Van der Ent et al., 2010; Satyamurty et al., 2013; Zemp et al., 2014). 
 
Forest-savanna bistability, resilience estimates and resilience-weighted transpiration 
We used “potential analysis” (Livina et al., 2010; Hirota et al., 2011) to empirically 
construct the hysteresis plot for forest and savanna from the probability densities of tree 
cover MODIS VCF5 tree-cover data on 250 m resolution. We excluded human-used areas, 
water bodies and bare ground using the 2009 ESA Globcover dataset at 300 m resolution 
(values 11–30 and ≥ 190). We took a sample of 0.1% of the continental tree cover data 
points. Forest resilience RF was calculated as the probability of forest (tree cover ≥ 50%) 
at a given climate by performing a logistic regression on mean annual rainfall (Hirota et 
al., 2011) using the MATLAB function glmfit. Residual resilience RR in the absence of tree 
transpiration was calculated with the same equation but with the contribution of 
transpiration deducted from mean annual rainfall (Fig. A6.11). Loss of resilience (Fig. 
6.4A) was quantified as 
𝑅𝐹−𝑅𝑅
𝑅𝐹
. For the results presented in the main text we used the 
GLDAS data from 2003‒2014; however, because this is a short climatic period on which 
to base forest resilience, we also present in the Appendix (Fig. A6.11) calculations using 
Climate Research Unit rainfall data on 0.5° resolution for 1961‒2001 (Mitchell & Jones, 
2005). 
We used the estimates of resilience of the sink locations to weight the transpiration from 
the source for its importance for Amazon forest resilience. The weighted transpiration 
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flux of a cell i, Ti,weighted, accounting for all n = 7 re-evapotranspiration cycles, is calculated 
as: 
𝑇𝑖,𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 = ∑ ∑ 𝑚𝑖𝑗
𝑘  (1 − 𝑅𝐹,𝑗) 𝐹𝑗𝑗 ∈ 𝐴𝑚𝑎𝑧𝑜𝑛
𝑛
𝑘=0      (eq. 6.8) 
where RF,j is resilience, and Fj the cover, of forest in a sink cell j; 𝑚𝑖𝑗
𝑘  is the moisture flow 
in mm from i to j after k re-evapotranspiration events. We ranked all Amazonian 0.25° 
cells by their Tweighted. 
 
Dry-season intensity and seasonality 
As measure of dry-season intensity we calculated the monthly Cumulative Water Deficit 
(CWD) as the cumulative monthly ET – rainfall, where CWD was set to 0 when rainfall 
exceeded ET for a given month (Malhi et al., 2009). The Mean Annual Water Deficit at each 
location is the multi-year average of the annual maximum CWDs. In addition, we 
calculated Markham’s Seasonality Index (MSI), a measure of rainfall seasonality that is 
independent of mean rainfall. Instead, it captures the distribution of rainfall over the 
months of the year, whereby MSI = 100% indicates that all rainfall occurs within each 
month, and MSI = 0% that rainfall is equally distributed over the years. See Markham 
(1970) for details. 
Deforestation scenario 
We ran our simulations for 2003‒2014 also excluding projected deforestation up to 2050. 
Here we kept all else equal. We took the cumulative deforestation from the business-as-
usual deforestation scenario of Aguiar et al. (2016) (scenario C2) on 25 km resolution. 
Each of our 0.25° cells was assigned the deforestation value of its nearest neighbor in the 
dataset of Aguiar et al. (2016). We show the estimated tree cover for 2050 in Fig. A6.12. 
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Appendix A6.1: Supplementary figures and tables 
Table A6.1: Sensitivity of mean annual rainfall that has evapotranspired within the same 
subregion (see Fig. 6.3G) to assumptions in the moisture tracking scheme. “standard” refers to the 
results obtained with the model used in this study, while the other columns present the relative 
deviation in mean annual rainfall for modifications of this model (Methods). Modifications were 
done for release height (“low_release”), vertical displacement during transport (“conv_transport”) 
and rainout assumptions (“moisture_rainout” and “condensation_rainout”). GS = Guyana Shield; 
SA = South Amazon; CA = Central Amazon; EA = East Amazon; NW = North-West Amazon; SW = 
South-West Amazon. See Methods for further information. 
Region standard low_release conv_transport moisture_rainout condensation_rainout 
GS 1 1.27 0.95 1.02 1.03 
SA 1 1.02 0.96 1.00 1.05 
CA 1 1.07 0.95 1.02 1.08 
EA 1 1.64 0.90 1.03 1.00 
NW 1 1.34 0.91 1.03 1.08 
SW 1 0.87 0.95 1.02 1.08 
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Figure A6.1: Modeled relations between monthly evapotranspiration (ET in mm) and rainfall (P 
in mm), and between transpiration (T in mm) and rainfall in case of fully covered forests in the 
Amazon over the period 2003‒2014. Each data point represents one month for one 0.25° cell in 
the Amazon basin. On average, the transpiration flux for a fully covered forest as calculated in our 
hydrological model PCR-GLOBWB would be around 53 mm month-1; the transpiration flux at 
current forest cover is around 45 mm month-1. A) Evapotranspiration (linear regression: ET = 
107.5 + 0.017 * P; r2 < 0.01); B) Transpiration (linear regression: T = 68.3 ‒ 0.092 * P; r2 = 0.13). 
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Figure A6.2: Correspondence in estimated evapotranspiration (mm month-1) in dry months 
between PCR-GLOBWB (this study) and LandFlux-EVAL in the Amazon. “Diagnostic data” refers 
to observation-based estimates of evapotranspiration in LandFlux-EVAL; “LSM” refers to a 
synthesis of five land surface models in LandFlux-EVAL. The data are on 1° spatial resolution and 
represent each month during the period 1989‒2005 (also see Methods; Mueller et al., 2013). A) 
Evapotranspiration in the diagnostic data against PCR-GLOBWB for months with less than 100 
mm rainfall; Linear fit: y = 78.1 + 0.232 x (r2 = 0.21; n = 21965). B) Evapotranspiration in the land 
surface models against PCR-GLOBWB for months with less than 100 mm rainfall; Linear fit: y = 
54.1 + 0.339 x (r2 = 0.35; n = 21965). C) Evapotranspiration in the diagnostic data against PCR-
GLOBWB for months in which estimated transpiration is at least 50% of evapotranspiration; 
Linear fit: y = 72.3 + 0.296 x (r2 = 0.23; n = 31406). D) Evapotranspiration in the land surface 
models against PCR-GLOBWB for months in which estimated transpiration is at least 50% of 
evapotranspiration; Linear fit: y = 59.1 + 0.300 x (r2 = 0.24; n = 31406). 
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Figure A6.3: Rainfall patterns for tropical South America over the period 2003–2014. A) Mean 
annual rainfall (mm yr-1), with the color scale truncated at 4000 mm yr-1. B) Markham’s 
Seasonality Index (MSI ; %), a measure of rainfall seasonality. MSI is 0% if a location receives an 
equal amount of rainfall in each month of the year; MSI is 100% if all rainfall is concentrated within 
a single month (see Methods). 
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Figure A6.4: Mean monthly transpiration by trees that precipitates on land, per season. Note that 
this figure is as Fig. 6.2A, but divided over the four seasons. In all subfigures the Amazon basin is 
outlined. The Amazon stands out as the main source of tree-transpired rainfall across the 
continent and across the year. 
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Figure A6.5: Average transpiration recycling in the Amazon. Rainfall is given in mm month-1 and 
represents the average over the entire Amazon basin. Only moisture that has transpired from 
trees within the Amazon is considered. The lower limit of the grey band gives the recycling when 
transpiration is 25% smaller than in the main simulations, and the upper band when transpiration 
is 25% greater than in the main simulations. 
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Figure A6.6: The transpiration recycling ratio (%) in the Amazon for each month in the period 
2003‒2014 against the spatially averaged rainfall (mm month-1) that has last evaporated from the 
ocean. The data were smoothed using the MATLAB curve fitting toolbox (with smoothing 
parameter 10-5 for n = 144). 
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Figure A6.7: Fraction of rainfall that originated from transpired water from trees in the Amazon 
basin, per season. Note that this figure is as Fig. 6.2C, but divided over the four seasons. In all 
subfigures the Amazon basin is outlined.  
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Figure A6.8: Average rainfall (source: GLDAS), transpiration (PCR-GLOBW), rainfall from 
transpiration within the Amazon (atmospheric simulations), evapotranspiration (GLDAS) and 
rainfall that originated from the ocean (atmospheric simulations) for each month and subregion 
during 2005.  
 
Figure A6.9: Average rainfall (source: GLDAS), transpiration (PCR-GLOBW), rainfall from 
transpiration within the Amazon (atmospheric simulations), evapotranspiration (GLDAS) and 
rainfall that originated from the ocean (atmospheric simulations) for each month and subregion 
during 2010.  
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Figure A6.10: The fraction of rainfall that has been transpired from trees in the Amazon for each 
round of transpiration recycling and for each subregion in the Amazon basin, divided over the 
four seasons. Note that re-evaporation cycle number 0 represents the direct effect of transpiration 
on rainfall and all higher numbers represent the re-evaporation of this transpired moisture. 
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Figure A6.11: Resilience of forest (tree cover ≥ 50%) following the method of Hirota et al. (2011). 
Forest resilience RF was calculated as the probability of forest at a given climatic regime by 
performing a logistic regression on mean annual precipitation (see Methods). A) Resilience of 
forested cells in the Amazon considering the mean annual rainfall in the period 2003‒2014. B) 
Resilience of forested cells as calculated in (A) excluding the contribution of Amazonian tree 
transpiration to rainfall. C) Resilience of forested cells in the Amazon considering the mean annual 
rainfall in the period 1961‒2002. D) Resilience of forested cells as calculated in (C) excluding the 
contribution of Amazonian tree transpiration to rainfall. 
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Figure A6.12: Tree cover (%) in the Amazon. A) Tree cover in 2003. B) Tree cover in 2014. 
Deforestation was filtered out of the data on an annual basis, so intermediate years between 2003 
and 2014 have intermediate tree cover. C) Projected forest cover in 2050, calculated by 
subtracting the accumulated deforestation during the period 2014‒2050 in the business-as-usual 
deforestation scenario (C2) in Aguiar et al. (2016) from the tree cover in (B). 
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Untangling feedbacks at different spatial scales 
In 1992, Simon Levin published a classical paper entitled “The Problem of Pattern and 
Scale in Ecology”. Its title, Levin asserts, expresses “the central problem in ecology”, a 
statement which can be said to apply to the environmental sciences in general. Part of this 
central problem is the difficulty of translating pattern to process or, in other words, statics 
to dynamics (Levin, 1992, 1999). Furthermore, there is no single correct or appropriate 
scale to approach a system (Levin, 1992; Holling et al., 2001). Studying a system at a 
certain scale corresponds to having a certain viewpoint, and holding different viewpoints 
may be needed to get a complete picture of the phenomena of interest.  
Trees provide a myriad of viewpoints, as there are about three trillion of them present on 
Earth; over one-third of those are located in the tropics (Crowther et al., 2015). We know 
that collectively, these trees are a major component of the Earth system: for instance, they 
regulate the climate with their carbon storage, with their functioning as water pump to 
the atmosphere, and even by their color determine how much solar radiation is reflected 
back into space (Bonan, 2008). However, it is a great challenge to understand the 
complexities that arise from the interactions of all those trees with each other, with other 
organisms, and with their physical environment. Simulating the dynamics of trillions of 
individual trees is not feasible and it may not be desirable, given that we lack sufficient 
knowledge of the individual variation and detailed processes. Therefore, throughout this 
dissertation trees have been characterized simply by their cover. Tree cover is involved 
in a series of feedbacks. 
Fig. 7.1 shows a small part of the complexity of the feedbacks (also see chapter 1) in which 
tropical tree cover is involved and which will be necessary to untangle if we wish to 
understand its functioning in the Earth system. It depicts a series of positive and negative 
relationships that together comprise a set of feedback loops. It becomes immediately clear 
that tree cover and rainfall enhance one another. In contrast to this enhancement, the 
signs of the relationships between tree cover and fires are negative, though their feedback 
is still reinforcing (or positive): fire suppression by tree cover, either directly or through 
suppression of grass cover, enhances tree cover itself. Nonlinearity is added when the two 
feedbacks are considered together: rainfall affects both tree cover and grass cover, 
resulting in a climate-dependent effect of the tree cover-rainfall feedback on the tree 
cover-fire feedback. 
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Figure 7.1: Conceptual model showing the interrelationship between the tree cover-fire feedback 
and the tree cover-rainfall feedback. Fires can maintain a state with low tree cover and high grass 
cover: fire kills forest trees, from which grasses can benefit that then fuel subsequent fires. High 
tree cover enhances rainfall through tree transpiration, which stimulates further forest growth. It 
can also be seen that the vegetation-mediated effect of rainfall on fire is complex: rainfall not only 
enhances fire-suppressing tree cover but also enhances grass growth, which fuels fires. For 
simplicity, the direct interactions between rainfall and fire have been excluded. See Fig. 7.2 and 
the main text for discussion of how these feedbacks act on different scales and in which chapters 
they are studied. Artwork adapted from Staal & Flores (2015). 
The feedbacks presented in Fig. 7.1 are intertwined across scales. To study the dynamics 
of tree cover we therefore need to adopt different viewpoints and connect them across 
the various scales at which they operate: “seeing the forest for the trees”. Such different 
viewpoints were adopted in the previous chapters (Fig. 7.2); connecting them across 
scales is the subject of the present chapter. Below, I will address some problems of pattern 
and scale in the ecology of tree cover from the point of view of each of the chapters in this 
dissertation. Next, I will re-analyze some results that were presented in previous chapters 
and discuss how their integration may help quantifying critical limits to land-use change 
in the Amazon which, if crossed, may trigger unexpected and unwanted changes to the 
forest system.  
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Figure 7.2: The spatial scales at which the various patterns and processes involving tropical tree 
cover are analyzed in this dissertation. Chapters 2 and 3 are discussed below under “The problem 
of pattern in the ecology of tree cover”; chapters 4‒6 are discussed below under “The problem of 
scale in the ecology of tree cover”. Chapter 7 is the current chapter, which integrates results from 
the previous chapters and discusses its implications for a “safe operating space for the Amazon” 
(see main text). 
 
The problem of pattern in the ecology of tree cover 
An important problem related to pattern in the context of this dissertation is how to 
interpret tree-cover dynamics from statics, because we lack long time series of these 
dynamics. A simple way of circumventing this lack of good time series is space-for-time 
substitution: one assumes that data points that are scattered in space represent snapshots 
of the same system at different moments. In this way, changes in space become changes 
in time, and frequency distributions of the system state can inform us about the dynamical 
behavior of the system. Hirota et al. (2011), as well as the simultaneous study by Staver 
et al. (2011b), showed that the frequency distributions of tree cover in the tropics show 
multimodal patterns under apparently similar environmental conditions, which is an 
important indication for alternative stable states on a local scale (Scheffer & Carpenter, 
2003). Still, these are merely static patterns, and moving towards dynamics requires other 
methods than just statistics. 
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A good way to start studying a complex system is through the construction of relatively 
simple dynamical models and compare generated patterns in the model with observed 
tree-cover distributions. With simple models the interplay of feedbacks can be studied, 
including those on different scales (Scheffer et al., 2005; Dekker et al., 2007; Rietkerk et 
al., 2011). The merit of simple models lies not in their detailed quantitative predictive 
power but rather in the fact that they can reveal and help us understand complexities in 
real systems in a way that complex models may not be suitable for (Valdes, 2011). In 
chapter 2, we designed such a simple model and compared stable and unstable states in 
the model with observed tree-cover distributions. We showed that a simple tree cover-
fire feedback depending on climate could generate bistability of forest and savanna over 
a large range of mean annual precipitation (roughly 1000‒2400 mm yr-1). As this model 
is not spatially explicit, it purely represents a space-for-time approach.  
More advanced is to use spatially explicit models to make predictions about observed 
patterns. In chapter 3 we used this approach to study spatial patterns of tropical forests 
and savannas. Here we drew upon insights from statistical mechanics that can be traced 
back to the famous 19th-century physicist James Clerk Maxwell (Maxwell, 1875). He is best 
known for unifying electricity and magnetism into the theory of electromagnetism, but 
has done important work on statistical mechanics. Maxwell even went to such lengths as 
learning Dutch solely to enable himself to read the dissertation of Johannes Diderik van 
der Waals (Maxwell, 1875; Klein, 1974). In his dissertation, Van der Waals (1873) 
predicted that if a gas is put in a container (like a balloon) and pressure is kept constant, 
there is a range of temperatures where the volume of the container has three equilibria, 
two stable ones and one unstable one. These multiple states are not just similar to the 
alternative stable states in nature and society (Scheffer, 2009), but in a mathematical 
sense they are analogous. Whereas Van der Waals predicted hysteresis in the phase 
transitions of matter, this prediction clearly does not hold in reality: for example, the 
freezing point and the melting point of water are both 0 °C instead of different from each 
other. Maxwell realized the cause of the discrepancy between theory and observations: 
the system will in practice always develop towards the state of lowest potential energy if 
it can. That is, if some “nucleus” of the lowest-potential-energy state is present, that state 
will spread. Because this will always be the case in practice (due to contamination and 
random movements of the molecules), water does not display hysteresis; only in a perfect 
environment would one expect hysteresis. While the world of mathematics is an example 
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of a perfectly clean world, in the laboratory such perfect conditions are achievable as well, 
so water can indeed display hysteresis. Such cases are called superheating or 
supercooling. 
Although Van der Waals (1873) was right in theory, water still freezes and melts at the 
Maxwell point of 0 °C and, for doing so, can be said to follow the “Maxwell convention” (as 
opposed to the “delay convention” in hysteresis model like in chapter 2; Gilmore, 1979). 
An interesting question then becomes if other systems in nature follow the Maxwell 
convention as well. In ecological systems, the Maxwell convention can be generated by 
either strong noise in the system or due to spatial exchange (Fort, 2013). In the case of 
tropical forests and savannas, it seems reasonable to expect that spatial exchange (seed 
dispersal and fire spread) can cause such behavior. 
In chapter 3, we tried to find indications of the Maxwell convention in tropical forests and 
savannas. We based our search on simple models that predict a mismatch between the 
conditions at which there is bistability (based on the continental-scale space-for-time 
substitution) and at which the stable local-scale coexistence of the alternative states is 
possible; the absence of such mismatch would indicate that the delay convention applies. 
We only found limited evidence that the Maxwell convention would apply to tropical 
forests and savannas. However, a more recent study by Wuyts et al. (2017) of a more 
selective set of the tree-cover data argues that it does largely apply in the Amazon. In any 
case, this is a topic that deserves further scrutiny, for a range of ecological systems.  
I expect that the concept of the Maxwell point will draw more attention from ecologists, 
especially those interested in spatial systems. In theory, the concept reconciles seemingly 
opposing views on the environmental determinism vs. bistability debate for tropical 
ecosystems (Staal & Flores, 2015; Veenendaal et al., 2015; Moncrieff et al., 2016). Namely, 
in a spatial context, the Maxwell convention implies predictable biome distributions 
based on environmental variables. Though in such a case shifts between forest and 
savanna would still be sudden, hysteresis would be absent even when the system would 
display hysteresis in a non-spatial context (see chapter 3).  
It should be noted, however, that on large scales, the distribution of Earth’s biomes (for 
instance, across latitude and altitude) are highly predictable from environmental 
conditions. This was already recognized more than 200 years ago by the ecological 
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pioneer Alexander von Humboldt (Von Humboldt & Bonpland, 1807; Wulf, 2015). 
However, as the spatial scale decreases, the image becomes more complex, to the point 
that we are now: recognizing that forests and savannas can be alternative stable states 
under a range of conditions, which forces us to revise the classical paradigm of 
environmental determinism of the distribution of biomes (Hirota et al., 2011; Lehmann et 
al., 2011; Staver et al., 2011b; Murphy & Bowman, 2012; Moncrieff et al., 2016; chapter 
3). 
 
The problem of scale in the ecology of tree cover 
When we wish to connect dynamics at different scales, we must find out which features 
of the small-scale phenomena should be retained when we move to larger scales (Levin, 
1992). In case of tropical tree cover dynamics, this dissertation provides some examples 
for how to scale up from smaller to larger scales. 
In chapter 4, we showed how the local interaction between fire and individual trees can 
give rise to an emergent fire-tree cover relation that is universal throughout the tropics. 
We showed that observations corresponded to theoretical predictions in the following 
way: we have known for a long time from field studies in the tropics that fires 
predominantly occur in the grass layer in savannas (Bond, 2008). These grasses provide 
an easily ignitable fuel when they dry out, whereas forests only burn under exceptional 
conditions (Scott et al., 2014). If we then assume that fires spread infinitely through 
grasses but stop at trees, we can model how different densities and configurations of trees 
may give rise to certain fire frequencies. We therefore performed a theoretical exercise in 
which we randomly placed circular-shaped trees in a landscape of grass, “ignited” a 
random piece of grass and calculated the size of the cluster of grass that is in direct 
connection with the ignited part. The fractional area of this cluster in the total landscape 
is the probability that any piece of grass burns. This “continuum percolation model” 
predicts that fire probability will decrease linearly with tree cover until around 60% tree 
cover, when it drops rapidly, because fire then reaches only part of the grass. We 
performed the same numerical experiment also the other way around, by randomly 
placing circular-shaped patches of grass in a continuum of trees. It predicts that fire 
probability will remain low with decreasing tree cover until around 40% tree cover, after 
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which it rises rapidly with decreasing tree cover. We concluded that if continuum 
percolation is a suitable model for savanna fire dynamics, fire frequency should be high 
for low tree cover and drop rapidly somewhere between 30‒70% tree cover; it does, 
around 40% tree cover throughout the tropics (Figs. 4.2, 4.3, 5.1). 
This exercise was very simple and ignored, for example, the effects of environment and 
nonrandom tree clustering on percolation thresholds (Scanlon et al., 2007; Archibald et 
al., 2012). However, it did give a reasonable theoretical range of possibilities for a pattern 
of fire frequency as a function of tree cover. It also revealed that due to the shape of tree 
canopies (assumed to be circular), the critical tree cover level at which fires can suddenly 
spread through the landscape (the percolation point) depends on the direction of change: 
it takes more trees to suppress fires when the starting point is a grassland than it takes 
when the starting point is a forest. This geometrically induced hysteresis is a hypothesis 
with possibly large implications, as CO2 fertilization leads to woody plant encroachment 
in savannas (Higgins & Scheiter, 2012) but meanwhile droughts and (selective) logging 
open up forest canopies (Asner et al., 2004). Either may cross a percolation threshold 
acting as a tipping point (chapter 4). When and how that may happen deserves testing in 
the field. 
From this mechanistic understanding of fire dynamics on the scale of individual trees we 
can obtain predictions of the fire-tree cover relation at larger scales and compare those to 
empirical patterns. Indeed, satellite data on that scale from across the tropics show a steep 
drop in fire frequency when tree cover becomes greater than ~40% (chapter 4). This is 
the emergent pattern from the percolation behavior of fires that we can use in our 
modeling efforts when we want to scale up: it is no longer necessary to model each 
individual tree with fires spreading between them, but it suffices to take the universal 
relation between fire and tree cover that is caused by percolation.  
That scaling up is what we did in chapter 5: we developed a spatially explicit model to 
study the tree cover-fire feedback. This feedback was parameterized on remote sensing 
products of fire and tree cover from across the tropics. In the model, which was 
implemented as a cellular automaton, each cell in a 100×100-cell lattice has a certain tree 
cover that grows logistically. Each year each cell has a certain probability of catching fire, 
which can subsequently spread to neighboring cells. The probability that a cell burns is 
proportional to the empirical fire-tree cover relation from chapter 4 and thus implicitly 
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includes percolation. If a cell catches fire, it loses tree cover by a density-dependent 
amount that we estimated from the effects of fire on tree cover in satellite data. With the 
addition of a mean-rainfall-dependent carrying capacity and empirical growth-rate 
estimate, we could establish the feedback fully from data. We furthermore investigated 
the effects of rainfall variability on these dynamics. The simulations of the model 
predicted that this feedback gives rise to bistability of forest and savanna, consistent with 
tree cover patterns. Thus, this bistability emerged on yet a higher scale level, in the order 
of tens of kilometers.  
The scale of this emergent bistability matches the one at which the effect of the forest on 
rainfall can be studied: complex hydrological models that are able to simulate the 
influence of tree cover on evapotranspiration have a resolution of 0.5° (~50 km), for 
example the PCR-GLOBWB model (Bosmans et al., 2017). In chapter 6 we used output of 
this PCR-GLOBWB model and observation-based simulations of atmospheric water flows 
to study for the Amazon region the effect of transpiration from trees (in source areas) on 
remote rainfall (in sink areas). We obtained on a monthly basis for twelve years the 
contribution of tree cover present in each 0.25° cell (~25 km) to the rainfall in any other 
0.25° cell throughout the Amazon. We related the transpiration effect from trees in the 
source areas to the empirically estimated resilience of the forests in the sink areas to 
obtain estimates of the contribution of forested cells to Amazon forest resilience. We have 
called these remote effects cascades instead of feedbacks (Zemp et al., 2014; Zemp et al., 
2017a), as due to the large scale of the atmospheric transport they do not necessarily form 
a closed loop. We found that these cascades have a stabilizing effect on Amazonian forests, 
but that this effect differs in space and time. Spatial variations are most apparent 
considering the southwestern Amazon forest, which would not be stable without the 
forest-rainfall cascades; temporal variations are most apparent during droughts, as the 
contribution of tree transpiration to regional rainfall, and thus to forest resilience, is 
enhanced during seasonal and inter-annual droughts. 
 
Towards quantifying a safe operating space for the Amazon  
Above I have discussed how the previous chapters are connected across spatial scales. 
Below I will show and discuss how integrating those results could be useful to the wider 
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context in which this dissertation is placed, which is, as stated in chapter 1, “to understand 
potential critical thresholds in the Earth system so that humankind can maintain global 
climate change, land use change and other global changes within safe boundaries”. 
Local-scale pressures to the forest such as deforestation may act in synergy with global- 
or regional-scale changes in the climate (chapter 2; Scheffer et al., 2015a). This synergy is 
reflected in the concept of “safe operating space” (Rockström et al., 2009a; Rockström et 
al., 2009b), which recognizes that human involvement with the Earth system or an 
ecosystem may have critical limits imposed by (changing) environmental conditions 
(Scheffer et al., 2015a; Steffen et al., 2015b). Identifying such critical limits is paramount 
for sustainably organizing our societies within the limits imposed by the Earth system 
(Rockström et al., 2009a; Rockström et al., 2009b). The identification of critical limits to 
deforestation in the Amazon has been a topic of a range of studies (e.g. Oyama & Nobre, 
2003; Pires & Costa, 2013; Zemp et al., 2017b), but remains unresolved. Results from 
previous chapters, however, may be useful for quantifying a safe operating space for the 
Amazon forest. 
Safe operating space implies the range of human activities that will not lead to a 
qualitative or otherwise undesirable change in the system of interest (Rockström et al., 
2009a). Importantly, the safe operating space is followed by a “zone of uncertainty” 
(Steffen et al., 2015b). Entering this zone may not necessarily lead to the change that is to 
be avoided, but is accompanied by risks that may be deemed unacceptable. In other 
words, the definitions of safe operating space and zone of uncertainty follow the 
precautionary principle (Rockström et al., 2009a; Steffen et al., 2015b). In terms of mean 
annual rainfall, the threshold for the zone of uncertainty for Amazonian forests can be 
defined rather easily. As shown in, for instance, chapter 3 and corroborated by chapter 5, 
a low-tree-cover savanna may be found up until 2000 mm yr-1 rainfall. Furthermore, it 
has been shown that below this threshold, photosynthesis may not be sustained year-
round (Guan et al., 2015), which increases the drought- and fire susceptibility of the forest 
(Nepstad et al., 2004). Clearly, this would imply risking large losses of above-ground 
biomass, biodiversity, and a range of other services provided by the ecosystem (Ghazoul, 
2015). Thus, it is with our current knowledge reasonable to state that below 2000 mm yr-
1 it becomes uncertain whether Amazonian forests and their services will be sustained in 
a future with possible widespread fire occurrences (De Faria et al., 2017; Aragão et al., 
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2018). Hence, the safe operating space for the Amazon forest in terms of land-use change 
can be defined as that which still maintains mean annual rainfall levels above 2000 mm. 
Using the results from chapter 6 is it possible to explore this safe operating space.  
Currently 36% of the Amazonian forests have rainfall levels below 2000 mm yr-1. In the 
hypothetical case where there would be no rainfall induced by tree transpiration from the 
basin (see chapter 6) this would be 80%.  An estimated forested area of 3.6 ∙ 106 km2 
receives at least 2000 mm yr-1 rainfall (chapter 6). Deforestation would push remaining 
forests across the 2000 mm yr-1 threshold. This can be seen in Fig. 7.3, which shows the 
forested area in the Amazon in that rainfall domain as a function of deforestation. Here it 
is assumed for simplicity that deforestation occurs randomly across the basin; in that case, 
rainfall reduction in any piece of forest can be assumed to decline proportionally to total 
deforestation in the Amazon basin. The local amount of rainfall from tree transpiration in 
the Amazon basin was taken from the simulation results of chapter 6. Naturally, 
deforestation by itself removes forest and therefore directly reduces the forested area 
with less than 2000 mm yr-1 rainfall. However, the total reduction occurs nonlinearly with 
deforestation. This nonlinear effect occurs already at low levels of deforestation; and up 
to about 50‒60% deforestation of current forest extent, it increases monotonically (i.e. 
the difference between the two lines in Fig. 7.3 increases).  
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Figure 7.3: The area of Amazonian forests (tree cover ≥ 50%) with rainfall above 2000 mm yr-1 
as a function of deforestation. The dotted line gives forest area with rainfall above 2000 mm yr-1 
as a function of deforestation without its effect on rainfall. It was assumed that deforestation does 
not depend on rainfall; therefore, forest area above 2000 mm yr-1 rainfall declines linearly with 
over-all deforestation until no forest remains. The solid line gives forest area with rainfall above 
2000 mm yr-1 as a function of deforestation with its effect on rainfall. Thus, the difference between 
the dotted and solid line represents the effect of deforestation on remote forests. Simulation 
results from chapter 6 were used. 
Despite showing non-linear effects of forest loss, the results from Fig. 7.3 still do not 
provide an objective definition of the safe operating space for land-cover change. Forest 
loss increases fire and drought risk for downwind forests, but which level is safe for the 
Amazon as a whole? A first attempt to find the order of magnitude for these safe levels can 
be made when it is assumed that the Amazon has a homogeneous rainfall level. In the 
current climate and with the current forest extent the average rainfall level in the Amazon 
basin is c. 2050 mm yr-1. This is very close to the threshold of 2000 mm yr-1. With a spatial 
average of 476 mm yr-1 rainfall from tree transpiration, a first approximation for the safe 
operating space for the Amazon would correspond to roughly 6.1 ∙ 105 km2 of randomly 
located forested areas in the Amazon relative to 2003 levels of tree cover. An average 
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deforestation of 30,000 km2 yr-1 (the average during 2003‒2012 in Brazil alone; Hansen 
et al., 2013) suggests that this level would be reached around 2023. As estimated in 
chapter 6, deforestation during 2003‒2014 has reduced transpiration recycling ratio in 
the Amazon for that same period from 24% to 20%, indicating that recent deforestation 
has indeed significantly affected rainfall levels. In any case, the inter-annual rainfall 
variability in the Amazon (σ = 115 mm yr-1) is larger than the distance to the threshold 
(50 mm yr-1), confirming that the current average rainfall level does not differ 
significantly from that threshold.  
It should be noted, however, that the above inference of safe operating space for the 
Amazon is very simple and does not account for a number of important factors that affect 
the resilience of Amazonian forests. For example, an increase in atmospheric CO2 
concentrations does not only enhance global warming, but it also increases the water use 
efficiency of vegetation (e.g. Lammertsma et al., 2011). This is especially for those plants 
that use the C3 photosynthetic pathway, which include the trees in the Amazon (Still et 
al., 2003). Such CO2 fertilization would effectively lower the rainfall level demarcating the 
zone of uncertainty and the safe operating space. Also, forests are not the only ecosystem 
with transpiration, and alternative land covers such as cropland or pasture might also 
maintain considerable transpiration fluxes (e.g. Santos et al., 2004). At the same time, 
however, there are other ways than merely transpiration in which the forest affects 
regional rainfall. Forest loss may affect atmospheric dynamics, for instance by changing 
the albedo of the land surface. Also not accounted for is interception evaporation from 
tree canopies; however, this is mainly relevant in already wet periods rather than dry 
ones (Van der Ent et al., 2014). Lastly, spatial heterogeneity in conditions may enhance 
the overall resilience of the Amazon rainforest by counteracting possible cascading forest-
savanna transitions (Zemp et al., 2017a), but may also introduce weak spots that could 
act as nuclei from which such transitions could occur (Flores et al., 2017). 
 
Concluding remarks 
Ultimately we should understand the complex dynamics in the Earth system. Humanity 
may thus achieve sustainability by itself establishing a new type of feedback in the Earth 
system: using science we can forecast the potential effects of our economic activities on 
Synthesis 
189 
 
the Earth system and, if necessary, use those forecasts to move away from these effects 
(Gunderson & Holling, 2001; Lenton, 2016). Such a self-aware negative feedback in the 
Earth system, which is called “teleological feedback” (Lenton, 2013), may be crucial for 
succeeding to live sustainably within the boundaries set by the Earth system (Rockström 
et al., 2009a; Rockström et al., 2009b). There is still a long way to go, but understanding 
the collective dynamics of trillions of trees a little bit better might bring that goal yet a 
little bit closer. 
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Summary 
Forests and savannas span vast areas of the Earth, and changes in their distributions 
would significantly affect humans, biodiversity, and regional and global climates. It has 
been hypothesized that across a range of climates, tropical forest and savanna can be 
“alternative stable states”. This means that both forest, which is characterized by high tree 
cover, and savanna, characterized by low tree cover, are stable under the exact same 
climate. Such alternative stable states are the result of positive feedbacks and are 
accompanied by tipping points. Positive feedbacks reinforce change. Think, for example, 
about a speaker that is directed towards a microphone feeding that speaker: sound gets 
amplified, which in turn results in a louder input into the microphone. These occur either 
when a system state is not resilient against a disturbance or when the resilience breaks 
down altogether. In either case, positive feedbacks propel the system to an alternative 
stable state. Such a transition can be persistent: reverting the environmental conditions 
may not be sufficient to also revert the transition itself, a phenomenon called hysteresis 
(also see chapter 1). 
Especially the Amazon rainforest is feared to be susceptible to tipping when climatic 
changes or deforestation would surpass a critical level. Climatic changes such as drying 
may reduce the resilience of forests. Disturbances to the forest like deforestation may 
have several knock-on effects on the forest through positive feedback loops. On a regional 
scale this involves moisture recycling: trees pump water from the soil and “transpire” it 
through their leaves to the atmosphere, from which it can rain out again. This, in turn, 
benefits the forest itself and increases the pump effect. A local-scale feedback involves 
fire: tree cover suppresses fire and fire kills trees. A loss of tree cover can thus result in 
further loss in tree cover through a positive feedback with fire. 
In this dissertation I explore mechanisms behind, and possible effects of, the possibility 
that tropical forest and savanna can be alternative ecosystem states. Together with 
colleagues I studied tree-cover feedbacks with fire and with rainfall in the Amazon basin 
and other tropical regions. 
We attempted to bridge gaps between theory and observation on the resilience and 
stability of tropical forest and savanna by linking modelling to the analysis of broad-scale 
empirical data from satellites. In chapter 2 we started by developing and analyzing a 
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simple dynamical model with alternative tree-cover states. We applied this model to the 
tree-cover distributions in the “arc of deforestation” in the southeastern Amazon.  This 
allowed us to show that interactions between local deforestation and regional drying 
could more easily induce tipping points of tree-cover loss than they could separately.  
Theoretical results suggest that spatial interactions that take place between patches of 
forest and savanna can affect their hysteresis. Spatial interactions can for instance mean 
the dispersal of forest seeds or a savanna fire spreading into an adjacent forest. Such 
spatial interactions can narrow the range of climatic conditions where the two states can 
locally coexist: the least stable of the two is not resilient against the establishment of the 
most stable one. In the ultimate case of strong spatial interactions, a boundary between 
both states is only possible at conditions where forest and savanna are equally stable; this 
is despite the fact that in isolation, they can be alternative stable states. Such conditions 
of equal stability are called the ‘Maxwell point’. In chapter 3 we scanned tropical tree 
cover distributions for indications of this narrowing of hysteresis. We based our search 
on theoretical predictions of a mismatch between the conditions at which there are 
alternative stable states and those at which the stable local-scale coexistence of the 
alternative states is possible. Tree-cover data suggest that alternative stable states can 
occur between mean annual rainfall levels between 1100‒2000 mm for South America 
and between 1300‒2000 mm for Africa. However, our empirical analysis provided little 
evidence that spatial interactions between patches of forest and savanna are strong 
enough to eliminate their hysteresis. 
In chapter 4 we explicitly considered the mechanism that may cause tipping points 
between forest and savanna. By analyzing fire occurrences across the tropics, we showed 
that the frequency of fires rises abruptly when tree cover drops below 40%. Using a 
simple empirical model based on these observations, we show that the steepness of this 
pattern can cause instability of intermediate tree cover under a broad range of 
assumptions on tree-cover growth. This is consistent with observed frequency 
distributions of tropical tree cover, implying that a feedback between fire and tree cover 
may be sufficient for generating alternative stable states of forest and savanna. We also 
show that percolation of fire through the open savannas may explain the rise of fire 
frequency around a critical tree cover. 
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In chapter 5 we build upon chapter 4 by analyzing time series of tree cover and fire 
observations to quantify the strength of the fire-tree cover feedback loop along climatic 
gradients. From these empirical results we developed a spatially explicit and stochastic 
fire-tree cover model. The model predicts that forest and savanna are alternative stable 
states across rainfall conditions, but the exact rainfall range depends strongly on rainfall 
variability. Both higher seasonal and inter-annual variability in rainfall increase fire 
frequency, but only seasonality widens the hysteresis of forest and savanna. The strength 
of the fire-tree cover feedback also depends on the spatial configuration of tree cover and 
disturbances to it: landscapes with clustered deforestation are more susceptible to cross 
a fire-driven tipping point than landscapes with scattered deforestation. 
Chapter 6 presents regional-scale effects of tree cover on rainfall in the Amazon basin. 
We used output from a hydrological model to estimate the local forest transpiration in the 
21st century. We then simulated the trajectories of that transpired water through the 
atmosphere to where it rains down. We estimate that one-third of all rainfall in the 
Amazon basin originates from the basin; two-thirds of that water has been transpired by 
trees at least once. Our calculations show that forests in the southern half of the basin 
contribute most to the resilience of other forests, whereas forests in the south-western 
Amazon are most dependent on tree transpiration from elsewhere in the basin. The 
relative contribution of tree transpiration to rainfall is higher in drier months and in drier 
years. This means that forests buffer against droughts through transpiration.  
In chapter 7 I connect the presented results across scales and introduce some new 
analyses to discuss how the integration of the previous chapters may help identifying 
critical limits to land-use change in the Amazon. 
Considering the results from across this dissertation, I conclude that tree cover will not 
change smoothly with climate change and that possible transitions between forest and 
savanna will likely be relatively abrupt and hard to revert. The main mechanism behind 
such tipping points is a feedback between tree cover and fire. Increasing rainfall 
seasonality will strengthen that feedback and in the Amazon, reduced tree transpiration 
resulting from tree-cover loss will enhance that seasonality. 
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Samenvatting 
Tropische bossen en savannes bestrijken een groot deel van de aarde, en veranderingen 
in hun verspreiding zouden grote effecten hebben voor mensen, biodiversiteit, en 
regionale en wereldwijde klimaten. Er wordt vermoed dat in verschillende klimaten deze 
twee verschillende ecosystemen “alternatieve evenwichtstoestanden” kunnen zijn. Dit 
betekent dat zowel bos, gekenmerkt door een hoge bosbedekking, als savanne, 
gekenmerkt door een lage bosbedekking, beide stabiele ecosystemen kunnen zijn bij één 
en hetzelfde klimaat. Zulke alternatieve toestanden zijn het gevolg van positieve 
terugkoppelingen en gaan gepaard met kantelpunten. Positieve terugkoppelingen 
versterken veranderingen. Denk als voorbeeld aan een luidspreker die gericht staat op 
een microfoon, die dan weer de luidspreker voedt: geluid wordt versterkt, wat voor een 
luidere invoer en een grotere versterking zorgt. Kantelpunten vinden plaats wanneer de 
veerkracht van een systeem verdwijnt en positieve terugkoppelingen het systeem 
vervolgens als in een sneeuwbaleffect naar een alternatieve toestand voortstuwen. Een 
transitie zoals deze kan blijvend zijn: het herstellen van de omgevingsomstandigheden 
naar die zoals ze voor de transitie waren hoeft niet voldoende te zijn om ook de transitie 
zelf te herstellen. Dit fenomeen heet hysterese (zie ook hoofdstuk 1). 
Met name van het Amazoneregenwoud wordt gevreesd dat die gevoelig is om te kantelen 
wanneer klimaatveranderingen of ontbossing een kritiek niveau bereiken. 
Klimaatveranderingen zoals toenemende droogte kunnen de veerkracht van het bos 
verminderen. Verstoringen aan het bos zoals ontbossing kunnen verschillende domino-
effecten op het bos hebben door middel van positieve terugkoppelingen. Op regionaal 
niveau gaat dit door middel van vochtcirculatie: bomen pompen water uit de bodem en 
“transpireren” dat via hun bladeren de atmosfeer in, waaruit het vervolgens weer kan 
regenen. Dit is weer goed voor het bos zelf en vergroot dus het pompeffect. Op lokaal 
niveau gaat het via vuur: bosbedekking onderdrukt branden en branden doden bomen. 
Verlies aan bosbedekking kan dus een verder verlies aan bosbedekking veroorzaken door 
een positieve terugkoppeling met vuur. 
In dit proefschrift onderzoek ik mechanismen achter, en mogelijk effecten van, de 
mogelijkheid dat tropisch bos en savanne alternatieve ecosysteemtoestanden kunnen 
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zijn. Samen met collega’s heb ik terugkoppelingen van bosbedekking met vuur en met 
regenval in het Amazonegebied en andere tropische gebieden bestudeerd. 
De insteek was om het gebrek aan begrip tussen theorie en observatie over de veerkracht 
en stabiliteit van tropisch bos en savanne te overbruggen door wiskundig modelleren te 
koppelen aan het analyseren van grootschalige gegevens afkomstig van satellieten. In 
hoofdstuk 2 zijn we daarmee begonnen door het ontwikkelen en analyseren van een 
simpel wiskundig model met alternatieve toestanden in bosbedekking. We hebben dit 
model toegepast op de verspreiding van bosbedekking in de zuidoostelijke Amazone. 
Daarmee lieten we zien dat samen, ontbossing op lokale schaal en verdroging op regionale 
schaal sneller kantelpunten van bosverlies kunnen veroorzaken dan afzonderlijk.  
Theoretische resultaten geven aan dat ruimtelijke processen die plaatsvinden tussen 
stukken bos en savanne de hysterese kunnen beïnvloeden. Ruimtelijke processen zijn 
bijvoorbeeld de uitbreiding van bos via zaadverspreiding of een savannebrand die zich 
uitbreidt naar een bos. Zulke ruimtelijke processen kunnen de omvang van 
klimaatomstandigheden waarin de twee ecosystemen op lokale schaal kunnen 
samengaan versmallen: de minder stabiele van de twee is dan niet opgewassen tegen 
verspreiding van de stabielere. In het ultieme geval van sterke ruimtelijke processen zal 
er alleen maar een grens tussen de twee toestanden gevonden kunnen worden onder 
omstandigheden waaronder bos en savanne exact even stabiel zijn; dit ondanks het feit 
dat ze in isolatie wel alternatieve evenwichten kunnen zijn. Deze omstandigheden van 
gelijke stabiliteit heten het “Maxwellpunt”. In hoofdstuk 3 hebben we de verspreiding 
van bosbedekking in de tropen onderzocht op aanwijzingen van dergelijke versmalling 
van hysterese. We baseerden ons onderzoek op theoretische voorspellingen van een 
verschil tussen, aan de ene kant, de omstandigheden waaronder alternatieve toestanden 
mogelijk zijn en, aan de andere kant, de omstandigheden waaronder lokaal samengaan 
van twee toestanden mogelijk is. Bosbedekkingsgegevens geven aan dat er alternatieve 
toestanden mogelijk zijn bij jaarlijkse regenvalniveaus tussen 1100 en 2000 mm in het 
geval van Zuid-Amerika en tussen 1300 en 2000 mm in het geval van Afrika. Echter gaf 
onze analyse weinig bewijs dat ruimtelijke processen sterk genoeg zijn om de hysterese 
tussen bos en savanne op te heffen. 
In hoofdstuk 4 hebben we expliciet het mechanisme onderzocht dat kantelpunten tussen 
bos en savanne kan veroorzaken. Door het analyseren van branden in de gehele tropen 
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laten we zien het vóórkomen van branden sterk toeneemt naarmate de bosbedekking 
onder de 40% komt. Door dit resultaat om te zetten naar een wiskundig model konden 
we laten zien dat de steilheid van het geobserveerde patroon middelhoge bosbedekking 
instabiel maakt. Dit is onafhankelijk van een heel aantal aannames over de groeisnelheid 
van de bosbedekking. Door het model voorspelde patronen van bosbedekking in de 
tropen komen overeen met geobserveerde patronen, wat betekent dat een 
terugkoppeling tussen vuur en bosbedekking voldoende kan zijn om alternatieve 
toestanden tussen bos en savanne te creëren. We laten ook zien dat “percolatie” van vuur 
door de open savanne de scherpe toename van vuurfrequentie rond een kritische 
bosbedekking kan verklaren. 
In hoofdstuk 5 bouwen we voort op hoofdstuk 4 door bosbedekking en branden te 
analyseren in verschillende jaren, om de terugkoppeling tussen bosbedekking en branden 
preciezer te kunnen bepalen bij verschillende klimaatomstandigheden. Met deze 
observaties hebben we een ruimtelijk wiskundig model ontwikkeld voor de vuur-bos-
terugkoppeling. Het model voorspelt dat bos en savanne alternatieve toestanden zijn bij 
verschillende jaarlijkse neerslagwaardes, maar ook dat de precieze neerslagwaardes 
afhangen van hoe variabel de regenval is. Zowel verschillen in regenval tussen de 
seizoenen als verschillen in regenval tussen jaren zorgen voor meer branden, maar alleen 
die tussen de seizoenen beïnvloeden de hysterese van bos en savanne. De sterkte van de 
vuur-bos-terugkoppeling hangt ook af van de ruimtelijke samenstelling van het bos en de 
verstoringen daarop: landschappen met gegroepeerde ontbossing zullen sneller een 
kantelpunt ondergaan dan landschappen met meer verdeelde ontbossing. 
Hoofdstuk 6 behandelt de regionale effecten van bosbedekking op regenval in het 
Amazonegebied. We gebruikten resultaten uit een hydrologisch model om te berekenen 
hoeveel vocht de bossen in de Amazone in de 21e eeuw de atmosfeer in pompten. 
Vervolgens simuleerden we de paden die de watermoleculen door de atmosfeer aflegden 
en waar ze weer neerregenden. Hiermee konden we bepalen dat een derde van alle 
regenval in het Amazonegebied afkomstig is vanuit het Amazonegebied zelf; twee derde 
van dat water is tenminste eenmaal door bomen de lucht in gepompt. Onze berekeningen 
laten zien dat bossen in de zuidelijke helft van de Amazone het belangrijkst zijn voor de 
stabiliteit van andere bossen, terwijl de bossen in met name het zuidwestelijke deel van 
het stroomgebied het meest afhankelijk zijn van deze door het bos gegenereerde regen. 
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In drogere maanden en drogere jaren dragen bossen meer bij aan regenval dan in nattere 
maanden en jaren. Dit betekent dat de bossen droogtes verzachten. 
In hoofdstuk 7 verbind ik de resultaten uit eerdere hoofdstukken en presenteer ik enkele 
nieuwe analyses die laten zien hoe de eerdere hoofdstukken gezamenlijk helpen om 
kritieke grenzen aan veranderingen in landgebruik in de Amazone te bepalen. 
Op basis van de resultaten uit dit hele proefschrift concludeer ik dat bosbedekking in de 
tropen niet geleidelijk zal veranderen als het klimaat verandert, en dat transities tussen 
bos en savanne waarschijnlijk relatief abrupt en moeilijk te herstellen zullen zijn. Het 
voornaamste mechanisme achter zulke kantelpunten is een terugkoppeling tussen vuur 
en bosbedekking. Grotere verschillen in regenval tussen de seizoenen versterken deze 
terugkoppeling, en in de Amazone zal ontbossing die verschillen tussen de seizoenen 
alleen maar laten toenemen. 
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